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Abstract:We introduceAgentK v1.0, ourfirst versionof anend-to-endautonomous
data science agent designed to automate, optimise, and generalise across diverse
data science tasks. Fully automated, Agent K v1.0 manages the entire data science
life cycle by learning from experience. Unlike traditional chain-of-thought and re-
flection methods, which are rigid and limited in incorporating feedback, Agent K
v1.0 leverages a highly flexible structured reasoning framework. This enables it to
dynamically process memory in a nested structure, e�ectively learning from accu-
mulated experience stored to handle complex reasoning tasks. Agent K v1.0 opti-
mises long- and short-termmemory by selectively storing and retrieving key infor-
mation, guiding future decisions based on environmental rewards. This iterative
approach allows it to refine decisions without traditional fine-tuning or backprop-
agation, achieving continuous improvement through experiential learning.
We evaluate our agent’s capabilities using Kaggle competitions as a case study. Fol-
lowing a fully automated protocol, Agent K v1.0 systematically addresses complex
data science tasks, employing Bayesian optimisation for hyperparameter tuning
and advanced feature engineering. Integrating libraries like Torchvision and Hug-
gingFace, it handles diverse data modalities and, once models are trained, deter-
mines optimal submission strategies to the Kaggle leaderboard. This adaptive re-
finement, based on performance feedback, occurs without human intervention.
Our new evaluation framework rigorously assesses Agent K v1.0’s end-to-end capa-
bilities, from retrieving aKaggle competitionURL to submitting results and ranking
on the leaderboard. Results demonstrate that Agent K v1.0 achieves a 92.5% suc-
cess rate across tasks, spanning tabular, computer vision, NLP, andmultimodal do-
mains. When benchmarking against 5,856 human Kaggle competitors by calculat-
ing Elo-MMR scores for each, Agent K v1.0 ranks in the top 38%, demonstrating an
overall skill level comparable to Expert-level users. Notably, its Elo-MMR score falls
between the first and third quartiles of scores achieved by human Grandmasters.
Furthermore, our results indicate that Agent K v1.0 has reached a performance level
equivalent to Kaggle Grandmaster, with a record of 6 goldmedals, 3 silver medals,
and 7 bronzemedals, as defined by Kaggle’s progression system.
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ABSTRACT
Foundation Models (FMs) are models trained on large corpora of
data that, at very large scale, can generalize to new tasks without
any task-speci�c �netuning. As these models continue to grow in
size, innovations continue to push the boundaries of what these
models can do on language and image tasks. This paper aims to
understand an underexplored area of FMs: classical data tasks like
cleaning and integration. As a proof-of-concept, we cast �ve data
cleaning and integration tasks as prompting tasks and evaluate the
performance of FMs on these tasks. We �nd that large FMs general-
ize and achieve SoTA performance on data cleaning and integration
tasks, even though they are not trained for these data tasks.We iden-
tify speci�c research challenges and opportunities that these models
present, including challenges with private and domain speci�c data,
and opportunities to make data management systems more acces-
sible to non-experts. We make our code and experiments publicly
available at: https://github.com/HazyResearch/fm_data_tasks.
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1 INTRODUCTION
FoundationModels (FMs) [19] are models trained on broad data that
can be adapted to a wide range of downstream tasks. These models
have achieved substantial gains across many semantically challeng-
ing tasks such as question answering [20], knowledge base con-
struction [79], and information retrieval [39]. As they have scaled
to hundreds of billions of parameters (e.g. GPT�3 [20], PaLM [22]),
large FMs have demonstrated surprising emergent behaviors and
good zero-shot generalization to new tasks (i.e. no task-speci�c
�netuning) on domains vastly di�erent from the data they were pre-
trained on [22]. These large FMs are often autoregressive language
models (e.g. GPT�3 and PaLM) that are trained to predict the next
word in large text corpora and can be adapted to new tasks given a
simple natural language description of the task (see Figure 1). These
breakthrough capabilities have led to a race for building bigger and
better models, and innovations continue to push the boundaries of
what large FMs can do on a variety of hard language tasks.

This work is licensed under the Creative Commons BY-NC-ND 4.0 International
License. Visit https://creativecommons.org/licenses/by-nc-nd/4.0/ to view a copy of
this license. For any use beyond those covered by this license, obtain permission by
emailing info@vldb.org. Copyright is held by the owner/author(s). Publication rights
licensed to the VLDB Endowment.
Proceedings of the VLDB Endowment, Vol. 16, No. 4 ISSN 2150-8097.
doi:10.14778/3574245.3574258

Title Price

Macbook Pro $1,999.00

Table 1
Title Price

Macbook Air $899.00

Table 2

“Product A is Title: Macbook Pro Price: $1,999
Product B is Title: Macbook Air Price: $899
Are product A and product B the same?”

Foundation Model

No

Figure 1: A large FM can address an entity matching task
using prompting. Rows are serialized into text and passed to
the FM with the question “Are products A and B the same?”.
The FM then generates a string “Yes” or “No” as the answer.

A natural question that arises is whether these advances can
bene�t hard classical data tasks (e.g. data cleaning and integration).
While it is clear that FMs bene�t text-intensive tasks, it is not clear
whether these models can be applied to data tasks over structured
data. The symbols commonly found in structured data (e.g. dates,
numbers, alphanumeric codes) are less frequent in natural language
text so it is unclear that FMs possess the ability to reason over them.
Moreover, since FMs are trained to predict the next word, it is non-
obvious that they can work out-of-the-box on complex data tasks.
This paper explores the aforementioned question and introduces
a new research vision for leveraging FMs for data management,
focusing on data cleaning and integration tasks—two keys steps in
data-driven enterprise pipelines.

Recently, a large body of research has applied machine learn-
ing (ML) [49] and deep learning (DL) [57, 74] methods—namely
pretrained languagemodels (PLMs) like BERT [32]—to semantically-
complex data tasks. However, these approaches still require a sig-
ni�cant amount of engineering e�ort as they rely on:

• Task-speci�c architectures: Data cleaning and integration
encapsulate many di�erent tasks such as entity matching [77],
schema matching [92], and error detection [41]. Existing ap-
proaches, whether they are rule-, ML- or DL-based, vary greatly
from one task to the other, often with complex, task-speci�c
architectures. For instance, adapting BERT to data tasks requires
architectural changes and �netuning the entire model for each
task. This leads to siloed and hard-to-maintain systems.

• Hard-coded knowledge: Data tasks often rely on domain knowl-
edge (e.g. understanding the relationship between a city and its
zip code for data cleaning constraints) and commonsense reason-
ing. These are usually hard-coded with human-engineered rules
or external knowledge bases [24, 84]. Consequently, systems can
be brittle and fail to generalize to a diverse set of domains.

738

OpenSearch-SQL: Enhancing Text-to-SQL with Dynamic
Few-shot and Consistency Alignment
XIANGJIN XIE, Alibaba Cloud Computing, China
GUANGWEI XU, Alibaba Cloud Computing, China
LINGYAN ZHAO, Alibaba Cloud Computing, China
RUIJIE GUO, Alibaba Cloud Computing, China

Although multi-agent collaborative Large Language Models (LLMs) have achieved signi�cant breakthroughs
in the Text-to-SQL task, their performance is still constrained by various factors. These factors include the
incompleteness of the framework, failure to follow instructions, and model hallucinations. To address these
problems, we propose OpenSearch-SQL, which divides the Text-to-SQL task into four main modules: Prepro-
cessing, Extraction, Generation, and Re�nement, along with an Alignment module based on a consistency
alignment mechanism. This architecture aligns the inputs and outputs of agents through the Alignment
module, reducing failures in instruction following and hallucination. Furthermore, we introduce SQL-Like (an
intermediate language), optimize the structured Chain-of-Thought (CoT) based on SQL-Like, and develop a
dynamic few-shot strategy via self-taught Query-CoT-SQL.

In terms ofmodel selection, we directly applied the base LLMswithout any post-training, thereby simplifying
the task chain and enhancing the framework’s portability. Experimental results show that OpenSearch-SQL
achieves an execution accuracy(EX) of 69.3% on the BIRD development set, 72.28% on the test set, and a
reward-based validity e�ciency score (R-VES) of 69.36%, with all three metrics ranking �rst at the time
of submission. These results demonstrate the comprehensive advantages of the proposed method in both
e�ectiveness and e�ciency.

CCS Concepts: •Computingmethodologies!Multi-agent systems; • Information systems! Structured
Query Language; • Theory of computation! Parsing.

Additional Key Words and Phrases: Text-to-SQL, Multi-Agent, Retrieval
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1 Introduction
Text-to-SQL task aims to automatically generate Structured Query Language (SQL) queries from
Natural Language Queries (NLQ). This task can improve the ability to access databases without the
need for knowledge of SQL [17].
As the text-to-SQL problem is notoriously hard, these systems have been a long-standing chal-

lenge of the database community for several decades [17]. Early work de�ned query answers
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Abstract:We introduceAgentK v1.0, ourfirst versionof anend-to-endautonomous
data science agent designed to automate, optimise, and generalise across diverse
data science tasks. Fully automated, Agent K v1.0 manages the entire data science
life cycle by learning from experience. Unlike traditional chain-of-thought and re-
flection methods, which are rigid and limited in incorporating feedback, Agent K
v1.0 leverages a highly flexible structured reasoning framework. This enables it to
dynamically process memory in a nested structure, e�ectively learning from accu-
mulated experience stored to handle complex reasoning tasks. Agent K v1.0 opti-
mises long- and short-termmemory by selectively storing and retrieving key infor-
mation, guiding future decisions based on environmental rewards. This iterative
approach allows it to refine decisions without traditional fine-tuning or backprop-
agation, achieving continuous improvement through experiential learning.
We evaluate our agent’s capabilities using Kaggle competitions as a case study. Fol-
lowing a fully automated protocol, Agent K v1.0 systematically addresses complex
data science tasks, employing Bayesian optimisation for hyperparameter tuning
and advanced feature engineering. Integrating libraries like Torchvision and Hug-
gingFace, it handles diverse data modalities and, once models are trained, deter-
mines optimal submission strategies to the Kaggle leaderboard. This adaptive re-
finement, based on performance feedback, occurs without human intervention.
Our new evaluation framework rigorously assesses Agent K v1.0’s end-to-end capa-
bilities, from retrieving aKaggle competitionURL to submitting results and ranking
on the leaderboard. Results demonstrate that Agent K v1.0 achieves a 92.5% suc-
cess rate across tasks, spanning tabular, computer vision, NLP, andmultimodal do-
mains. When benchmarking against 5,856 human Kaggle competitors by calculat-
ing Elo-MMR scores for each, Agent K v1.0 ranks in the top 38%, demonstrating an
overall skill level comparable to Expert-level users. Notably, its Elo-MMR score falls
between the first and third quartiles of scores achieved by human Grandmasters.
Furthermore, our results indicate that Agent K v1.0 has reached a performance level
equivalent to Kaggle Grandmaster, with a record of 6 goldmedals, 3 silver medals,
and 7 bronzemedals, as defined by Kaggle’s progression system.
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ABSTRACT
Foundation Models (FMs) are models trained on large corpora of
data that, at very large scale, can generalize to new tasks without
any task-speci�c �netuning. As these models continue to grow in
size, innovations continue to push the boundaries of what these
models can do on language and image tasks. This paper aims to
understand an underexplored area of FMs: classical data tasks like
cleaning and integration. As a proof-of-concept, we cast �ve data
cleaning and integration tasks as prompting tasks and evaluate the
performance of FMs on these tasks. We �nd that large FMs general-
ize and achieve SoTA performance on data cleaning and integration
tasks, even though they are not trained for these data tasks.We iden-
tify speci�c research challenges and opportunities that these models
present, including challenges with private and domain speci�c data,
and opportunities to make data management systems more acces-
sible to non-experts. We make our code and experiments publicly
available at: https://github.com/HazyResearch/fm_data_tasks.
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1 INTRODUCTION
FoundationModels (FMs) [19] are models trained on broad data that
can be adapted to a wide range of downstream tasks. These models
have achieved substantial gains across many semantically challeng-
ing tasks such as question answering [20], knowledge base con-
struction [79], and information retrieval [39]. As they have scaled
to hundreds of billions of parameters (e.g. GPT�3 [20], PaLM [22]),
large FMs have demonstrated surprising emergent behaviors and
good zero-shot generalization to new tasks (i.e. no task-speci�c
�netuning) on domains vastly di�erent from the data they were pre-
trained on [22]. These large FMs are often autoregressive language
models (e.g. GPT�3 and PaLM) that are trained to predict the next
word in large text corpora and can be adapted to new tasks given a
simple natural language description of the task (see Figure 1). These
breakthrough capabilities have led to a race for building bigger and
better models, and innovations continue to push the boundaries of
what large FMs can do on a variety of hard language tasks.
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Title Price

Macbook Pro $1,999.00

Table 1
Title Price

Macbook Air $899.00

Table 2

“Product A is Title: Macbook Pro Price: $1,999
Product B is Title: Macbook Air Price: $899
Are product A and product B the same?”

Foundation Model

No

Figure 1: A large FM can address an entity matching task
using prompting. Rows are serialized into text and passed to
the FM with the question “Are products A and B the same?”.
The FM then generates a string “Yes” or “No” as the answer.

A natural question that arises is whether these advances can
bene�t hard classical data tasks (e.g. data cleaning and integration).
While it is clear that FMs bene�t text-intensive tasks, it is not clear
whether these models can be applied to data tasks over structured
data. The symbols commonly found in structured data (e.g. dates,
numbers, alphanumeric codes) are less frequent in natural language
text so it is unclear that FMs possess the ability to reason over them.
Moreover, since FMs are trained to predict the next word, it is non-
obvious that they can work out-of-the-box on complex data tasks.
This paper explores the aforementioned question and introduces
a new research vision for leveraging FMs for data management,
focusing on data cleaning and integration tasks—two keys steps in
data-driven enterprise pipelines.

Recently, a large body of research has applied machine learn-
ing (ML) [49] and deep learning (DL) [57, 74] methods—namely
pretrained languagemodels (PLMs) like BERT [32]—to semantically-
complex data tasks. However, these approaches still require a sig-
ni�cant amount of engineering e�ort as they rely on:

• Task-speci�c architectures: Data cleaning and integration
encapsulate many di�erent tasks such as entity matching [77],
schema matching [92], and error detection [41]. Existing ap-
proaches, whether they are rule-, ML- or DL-based, vary greatly
from one task to the other, often with complex, task-speci�c
architectures. For instance, adapting BERT to data tasks requires
architectural changes and �netuning the entire model for each
task. This leads to siloed and hard-to-maintain systems.

• Hard-coded knowledge: Data tasks often rely on domain knowl-
edge (e.g. understanding the relationship between a city and its
zip code for data cleaning constraints) and commonsense reason-
ing. These are usually hard-coded with human-engineered rules
or external knowledge bases [24, 84]. Consequently, systems can
be brittle and fail to generalize to a diverse set of domains.
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Although multi-agent collaborative Large Language Models (LLMs) have achieved signi�cant breakthroughs
in the Text-to-SQL task, their performance is still constrained by various factors. These factors include the
incompleteness of the framework, failure to follow instructions, and model hallucinations. To address these
problems, we propose OpenSearch-SQL, which divides the Text-to-SQL task into four main modules: Prepro-
cessing, Extraction, Generation, and Re�nement, along with an Alignment module based on a consistency
alignment mechanism. This architecture aligns the inputs and outputs of agents through the Alignment
module, reducing failures in instruction following and hallucination. Furthermore, we introduce SQL-Like (an
intermediate language), optimize the structured Chain-of-Thought (CoT) based on SQL-Like, and develop a
dynamic few-shot strategy via self-taught Query-CoT-SQL.

In terms ofmodel selection, we directly applied the base LLMswithout any post-training, thereby simplifying
the task chain and enhancing the framework’s portability. Experimental results show that OpenSearch-SQL
achieves an execution accuracy(EX) of 69.3% on the BIRD development set, 72.28% on the test set, and a
reward-based validity e�ciency score (R-VES) of 69.36%, with all three metrics ranking �rst at the time
of submission. These results demonstrate the comprehensive advantages of the proposed method in both
e�ectiveness and e�ciency.

CCS Concepts: •Computingmethodologies!Multi-agent systems; • Information systems! Structured
Query Language; • Theory of computation! Parsing.
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1 Introduction
Text-to-SQL task aims to automatically generate Structured Query Language (SQL) queries from
Natural Language Queries (NLQ). This task can improve the ability to access databases without the
need for knowledge of SQL [17].
As the text-to-SQL problem is notoriously hard, these systems have been a long-standing chal-

lenge of the database community for several decades [17]. Early work de�ned query answers
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Abstract
Database research and development require a large volume of SQL
queries for benchmarking. However, it is di�cult to obtain real SQL
queries due to privacy issues, and existing SQL generation methods
are limited in customization and satisfying realistic constraints.
To address this problem, we propose SQLBarber, a novel system
leveraging Large Language Models (LLMs) to generate customized
and realistic SQL workloads. SQLBarber (a) eliminates the need for
users to manually craft SQL templates in advance, while providing
the �exibility to accept high-level natural language speci�cations
to constrain the SQL templates, (b) scales e�ciently to produce a
large number of queries satisfying any user-de�ned cost distribu-
tion (e.g., cardinality, execution plan cost, or execution time), and
(c) analyzes execution statistics obtained from Amazon Redshift
and Snow�ake to derive both the speci�cations for SQL templates
and the cost distribution of SQL queries, ensuring that these con-
straints re�ect real-world workloads. This demonstration allows
the audience to experience SQLBarber in action: (1) provide their
customized speci�cations on SQL templates, (2) gain insights on
the e�ect of SQL template and predicate values on SQL costs, and
(3) explore real-world speci�cations of templates as well as cost
distributions of queries, and constrain their SQL queries to a desired
speci�cation and distribution, with the �exibility to try out di�er-
ent LLM and SQL cost types. A video demonstration is available at
https://youtu.be/qOuAKVXXcdM.
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1 Introduction
Database research and development demand extensive experiments
and benchmarking to prevent performance regressions. However,
due to privacy issues, it is di�cult to obtain real-world SQL queries
to serve as realistic benchmarks. As a result, SQL generation has
attracted signi�cant attention from both academia and industry.

Unfortunately, existing SQL generation methods fail to produce
customized SQL queries that satisfy realistic constraints. Some
approaches rely on prede�ned rules or �nite-state machines to
generate SQL templates randomly [1, 10], lacking the �exibility to
enforce structural and feature constraints on the templates. Other
methods [2] require users to manually craft high-quality SQL tem-
plates and subsequently generate queries that meet cardinality or
execution time requirements, which is expensive and not scalable.

Thus we develop SQLBarber, a novel Large Language Models
(LLMs)-based SQL generation system that: (a) eliminates the need
for users to manually craft SQL templates in advance, while pro-
viding the �exibility to accept high-level natural language speci-
�cations to constrain the SQL templates, (b) scales e�ciently to
produce a large number of queries that satisfy any user-de�ned
cost distribution (e.g., cardinality, execution plan cost, or execution
time), and (c) analyzes execution statistics obtained from Amazon
Redshift [8] and Snow�ake [9] to derive both the speci�cations for
SQL templates and the cost distribution of SQL queries, ensuring
that these constraints re�ect real-world workloads.

This demo lets attendees experience SQLBarber in action, using
a three-stage process to generate customized, cost-aware, and real-
istic SQL workloads. Firstly, SQLBarber utilizes an LLM-powered
pipeline to design customized SQL templates. This pipeline takes as
input the target database and user-speci�ed natural language con-
straints on SQL templates. Then it uses database schema summary,
join path generation, and template generation, along with valida-
tion and rewrite to ensure the templates satisfy the constraints.
Secondly, SQLBarber employs a pro�ling stage to evaluate the ca-
pability of each SQL template to generate queries of di�erent costs
under varying predicate values. This is achieved by substituting
placeholders in the previously generated SQL templates by di�erent
values to get executable queries, which are subsequently evaluated
on the DBMS to get costs (e.g., cardinality or cost). Thirdly, based
on the collected pro�ling statistics, SQLBarber leverages Bayesian
Optimization (BO) to explore the predicate value space e�ciently,
and identi�es a set of queries that satisfy the user-speci�ed cost
distribution. Finally, SQLBarber allows users to explore real-world
speci�cations of SQL templates as well as realistic cardinality and
execution time distributions, and constrain their queries to a desired
speci�cation and distribution. In addition, we o�er attendees the
opportunity to explore the e�ect of di�erent LLM and cost types.
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ABSTRACT
Query rewriting is one of the most e�ective techniques for coping
with poorly written queries before passing them down to the query
optimizer. Manual rewriting is not scalable, as it is error-prone
and requires deep expertise. Similarly, traditional query rewriting
algorithms can only handle a small subset of queries: rule-based
techniques do not generalize to new query patterns and synthesis-
based techniques cannot handle complex queries. Fortunately, the
rise of Large LanguageModels (LLMs), equipped with broad general
knowledge and advanced reasoning capabilities, has created hopes
for solving some of these previously open problems.

In this paper, we present G��R������, the �rst holistic system
that leverages LLMs for query rewriting. We introduce the notion of
Natural Language Rewrite Rules (NLR2s), and use them as hints to
the LLM but also a means for transferring knowledge from rewrit-
ing one query to another, and thus becoming smarter and more
e�ective over time. We present a novel counterexample-guided
technique that iteratively corrects the syntactic and semantic errors
in the rewritten query, signi�cantly reducing the LLM costs and the
manual e�ort required for veri�cation. G��R������ speeds up 22
out of 99 TPC queries (themost complex public benchmark) bymore
than 2x, which is 2.5x–3.2x higher coverage than state-of-the-art
traditional query rewriting and 2.1x higher than the out-of-the-box
LLM baseline.
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1 INTRODUCTION
Ine�cient queries are a major problem in almost any organization
that uses a database product. These poorly-written queries—which
can be authored by inexperienced users or auto generated by busi-
ness intelligence (BI) or other tools—are often a main driver of slow
performance (and excessive costs in case of a cloud database, such as
Snow�ake [12] or BigQuery [16]). As a result, query rewriting (SQL-
to-SQL) is a critical step in improving performance and reducing
costs, as the chances of the query optimizer �nding a more e�-
cient query plan is signi�cantly lower if it is given a poorly-written

This work is licensed under the Creative Commons BY-NC-ND 4.0 International
License. Visit https://creativecommons.org/licenses/by-nc-nd/4.0/ to view a copy of
this license. For any use beyond those covered by this license, obtain permission by
emailing info@vldb.org. Copyright is held by the owner/author(s). Publication rights
licensed to the VLDB Endowment.
Proceedings of the VLDB Endowment, Vol. 14, No. 1 ISSN 2150-8097.
doi:XX.XX/XXX.XX

query to begin with. Query rewriting, whether done manually or
automatically, has remained a challenging task.
Challenges of manual query rewriting. The poorly-written
queries that have the biggest impact on the overall cost and per-
formance tend to be quite complex too. For example, it is not un-
common for OLAP queries that are auto generated by Looker [3]
to span multiple pages. Ensuring the rewriten query preserves the
semantics of the original requires a deep understanding of the data-
base schema, constraints, and the query intent, and is therefore a
time-consuming and error-prone task, even for seasoned database
experts. The fact that there can be thousands, if not millions, of such
queries makes the manual approach a monumental undertaking.
Limitations of traditional approaches to automated query
rewriting. Despite a large body of research, automated rewriting
techniques su�er from major drawbacks that have long inhibited
their e�ectiveness in practice. Here, the most common approach
is to rely on a set of “rewrite rules”, which are syntactic transfor-
mations based on pattern matching. If the pattern expressed in the
rule matches the input query, the rule replaces the matched part
with a counterpart, generating a semantically equivalent query
that is likely to run faster. Regardless of whether the rules are
developed and provided by experts [8, 10, 32] or are inferred auto-
matically [14, 41], a rule-based query rewriter is as e�ective as the
set of rewrite rules provided to it. By de�nition, rule-based query
rewriters1 are limited to situations where the input query matches
one of their existing rules, and thus fundamentally incapable of
optimizing new query patterns that have not been seen before [15].
Although synthesis-based query-rewriting does not require prior
rules [15], in practice it only handles simple queries (e.g., SlabC-
ity [15] can only optimize 2 out of 22 TPC-H queries and 3 out of
99 TPC-DS queries).
Large language models (LLMs). The shining success of large lan-
guage models (LLMs) in performing complex and open-ended tasks
has created new hopes for solving some of the hardest database
problems as well. While researchers have used LLMs for Text-to-
SQL [17, 18, 24, 33, 37] and a few other areas, e.g., data cleaning
and integration [31, 36], table processing [27, 29] and database
diagnosis [45], their potential for query rewriting has remained
largely unexplored. In instances where human experts or existing
rules cannot rewrite a query, say for complex queries or new query
patterns, could LLMs be leveraged to uncover rewrite opportunities
due to their broad general knowledge and advanced reasoning ca-
pabilities? If so, this could drastically lower the burden on human
experts and allow for a much larger set of queries to bene�t from
rewriting. To the best of our knowledge, this paper is the �rst to

1Rule-based query rewriting should not be confusedwith rule-based query optimization;
the latter is simpler, and thus much more common in practice [19].
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_-Tune: Harnessing Large Language Models for Automated
Database System Tuning
VICTOR GIANNAKOURIS, Cornell University, USA
IMMANUEL TRUMMER, Cornell University, USA

We introduce _-Tune, a framework that leverages Large Language Models (LLMs) for automated database
system tuning. The design of _-Tune is motivated by the capabilities of the latest generation of LLMs. Di�erent
from prior work, leveraging LLMs to extract tuning hints for single parameters, _-Tune generates entire
con�guration scripts, based on a large input document, describing the tuning context. _-Tune generates
alternative con�gurations, using a principled approach to identify the best con�guration, out of a small set
of candidates. In doing so, it minimizes recon�guration overheads and ensures that evaluation costs are
bounded as a function of the optimal run time. By treating prompt generation as a cost-based optimization
problem, _-Tune conveys the most relevant context to the LLM while bounding the number of input tokens
and, therefore, monetary fees for LLM invocations. We compare _-Tune to various baselines, using multiple
benchmarks and PostgreSQL and MySQL as target systems for tuning, showing that _-Tune is signi�cantly
more robust than prior approaches.

CCS Concepts: • Information systems! Autonomous database administration; Database utilities
and tools.

Additional Key Words and Phrases: Database, Tuning, Large Language Models
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1 Introduction
The performance of database management system changes dramatically as a function of various
tuning choices, including settings for system con�guration parameters as well as physical design
choices such as indexing, sorting, or partitioning. This has motivated a large body of research on
automated database system tuning. Recent work exploits machine learning to �nd near-optimal
con�gurations [5, 6, 14, 24] but su�ers from high training and exploration overheads. This has
motivated a new line of research [12, 21], exploiting LLMs to heuristically prune the search
space for tuning. Similar to human database administrators, such models leverage commonsense
knowledge, extracted from text documents, to narrow the focus to tuning options that seem
“reasonable”, given the tuning context. This paper presents _-Tune [7] (LAnguage Models for Better
Database Administration), a system that exploits capabilities o�ered by the latest generation of
LLMs, including the likes of GPT-4 and Claude 3, to optimize various tuning choices for speci�c
systems and OLAP workloads, including system parameter settings as well as physical design
decisions.
_-Tune. Prior approaches to LLM-enhanced database tuning [12, 21] parse text documents (e.g.,
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Agent K v1.0

Large LanguageModels Orchestrating Structured
Reasoning Achieve Kaggle Grandmaster Level
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Abstract:We introduceAgentK v1.0, ourfirst versionof anend-to-endautonomous
data science agent designed to automate, optimise, and generalise across diverse
data science tasks. Fully automated, Agent K v1.0 manages the entire data science
life cycle by learning from experience. Unlike traditional chain-of-thought and re-
flection methods, which are rigid and limited in incorporating feedback, Agent K
v1.0 leverages a highly flexible structured reasoning framework. This enables it to
dynamically process memory in a nested structure, e�ectively learning from accu-
mulated experience stored to handle complex reasoning tasks. Agent K v1.0 opti-
mises long- and short-termmemory by selectively storing and retrieving key infor-
mation, guiding future decisions based on environmental rewards. This iterative
approach allows it to refine decisions without traditional fine-tuning or backprop-
agation, achieving continuous improvement through experiential learning.
We evaluate our agent’s capabilities using Kaggle competitions as a case study. Fol-
lowing a fully automated protocol, Agent K v1.0 systematically addresses complex
data science tasks, employing Bayesian optimisation for hyperparameter tuning
and advanced feature engineering. Integrating libraries like Torchvision and Hug-
gingFace, it handles diverse data modalities and, once models are trained, deter-
mines optimal submission strategies to the Kaggle leaderboard. This adaptive re-
finement, based on performance feedback, occurs without human intervention.
Our new evaluation framework rigorously assesses Agent K v1.0’s end-to-end capa-
bilities, from retrieving aKaggle competitionURL to submitting results and ranking
on the leaderboard. Results demonstrate that Agent K v1.0 achieves a 92.5% suc-
cess rate across tasks, spanning tabular, computer vision, NLP, andmultimodal do-
mains. When benchmarking against 5,856 human Kaggle competitors by calculat-
ing Elo-MMR scores for each, Agent K v1.0 ranks in the top 38%, demonstrating an
overall skill level comparable to Expert-level users. Notably, its Elo-MMR score falls
between the first and third quartiles of scores achieved by human Grandmasters.
Furthermore, our results indicate that Agent K v1.0 has reached a performance level
equivalent to Kaggle Grandmaster, with a record of 6 goldmedals, 3 silver medals,
and 7 bronzemedals, as defined by Kaggle’s progression system.
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ABSTRACT
Foundation Models (FMs) are models trained on large corpora of
data that, at very large scale, can generalize to new tasks without
any task-speci�c �netuning. As these models continue to grow in
size, innovations continue to push the boundaries of what these
models can do on language and image tasks. This paper aims to
understand an underexplored area of FMs: classical data tasks like
cleaning and integration. As a proof-of-concept, we cast �ve data
cleaning and integration tasks as prompting tasks and evaluate the
performance of FMs on these tasks. We �nd that large FMs general-
ize and achieve SoTA performance on data cleaning and integration
tasks, even though they are not trained for these data tasks.We iden-
tify speci�c research challenges and opportunities that these models
present, including challenges with private and domain speci�c data,
and opportunities to make data management systems more acces-
sible to non-experts. We make our code and experiments publicly
available at: https://github.com/HazyResearch/fm_data_tasks.
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1 INTRODUCTION
FoundationModels (FMs) [19] are models trained on broad data that
can be adapted to a wide range of downstream tasks. These models
have achieved substantial gains across many semantically challeng-
ing tasks such as question answering [20], knowledge base con-
struction [79], and information retrieval [39]. As they have scaled
to hundreds of billions of parameters (e.g. GPT�3 [20], PaLM [22]),
large FMs have demonstrated surprising emergent behaviors and
good zero-shot generalization to new tasks (i.e. no task-speci�c
�netuning) on domains vastly di�erent from the data they were pre-
trained on [22]. These large FMs are often autoregressive language
models (e.g. GPT�3 and PaLM) that are trained to predict the next
word in large text corpora and can be adapted to new tasks given a
simple natural language description of the task (see Figure 1). These
breakthrough capabilities have led to a race for building bigger and
better models, and innovations continue to push the boundaries of
what large FMs can do on a variety of hard language tasks.

This work is licensed under the Creative Commons BY-NC-ND 4.0 International
License. Visit https://creativecommons.org/licenses/by-nc-nd/4.0/ to view a copy of
this license. For any use beyond those covered by this license, obtain permission by
emailing info@vldb.org. Copyright is held by the owner/author(s). Publication rights
licensed to the VLDB Endowment.
Proceedings of the VLDB Endowment, Vol. 16, No. 4 ISSN 2150-8097.
doi:10.14778/3574245.3574258

Title Price

Macbook Pro $1,999.00

Table 1
Title Price

Macbook Air $899.00

Table 2

“Product A is Title: Macbook Pro Price: $1,999
Product B is Title: Macbook Air Price: $899
Are product A and product B the same?”

Foundation Model

No

Figure 1: A large FM can address an entity matching task
using prompting. Rows are serialized into text and passed to
the FM with the question “Are products A and B the same?”.
The FM then generates a string “Yes” or “No” as the answer.

A natural question that arises is whether these advances can
bene�t hard classical data tasks (e.g. data cleaning and integration).
While it is clear that FMs bene�t text-intensive tasks, it is not clear
whether these models can be applied to data tasks over structured
data. The symbols commonly found in structured data (e.g. dates,
numbers, alphanumeric codes) are less frequent in natural language
text so it is unclear that FMs possess the ability to reason over them.
Moreover, since FMs are trained to predict the next word, it is non-
obvious that they can work out-of-the-box on complex data tasks.
This paper explores the aforementioned question and introduces
a new research vision for leveraging FMs for data management,
focusing on data cleaning and integration tasks—two keys steps in
data-driven enterprise pipelines.

Recently, a large body of research has applied machine learn-
ing (ML) [49] and deep learning (DL) [57, 74] methods—namely
pretrained languagemodels (PLMs) like BERT [32]—to semantically-
complex data tasks. However, these approaches still require a sig-
ni�cant amount of engineering e�ort as they rely on:

• Task-speci�c architectures: Data cleaning and integration
encapsulate many di�erent tasks such as entity matching [77],
schema matching [92], and error detection [41]. Existing ap-
proaches, whether they are rule-, ML- or DL-based, vary greatly
from one task to the other, often with complex, task-speci�c
architectures. For instance, adapting BERT to data tasks requires
architectural changes and �netuning the entire model for each
task. This leads to siloed and hard-to-maintain systems.

• Hard-coded knowledge: Data tasks often rely on domain knowl-
edge (e.g. understanding the relationship between a city and its
zip code for data cleaning constraints) and commonsense reason-
ing. These are usually hard-coded with human-engineered rules
or external knowledge bases [24, 84]. Consequently, systems can
be brittle and fail to generalize to a diverse set of domains.
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Although multi-agent collaborative Large Language Models (LLMs) have achieved signi�cant breakthroughs
in the Text-to-SQL task, their performance is still constrained by various factors. These factors include the
incompleteness of the framework, failure to follow instructions, and model hallucinations. To address these
problems, we propose OpenSearch-SQL, which divides the Text-to-SQL task into four main modules: Prepro-
cessing, Extraction, Generation, and Re�nement, along with an Alignment module based on a consistency
alignment mechanism. This architecture aligns the inputs and outputs of agents through the Alignment
module, reducing failures in instruction following and hallucination. Furthermore, we introduce SQL-Like (an
intermediate language), optimize the structured Chain-of-Thought (CoT) based on SQL-Like, and develop a
dynamic few-shot strategy via self-taught Query-CoT-SQL.

In terms ofmodel selection, we directly applied the base LLMswithout any post-training, thereby simplifying
the task chain and enhancing the framework’s portability. Experimental results show that OpenSearch-SQL
achieves an execution accuracy(EX) of 69.3% on the BIRD development set, 72.28% on the test set, and a
reward-based validity e�ciency score (R-VES) of 69.36%, with all three metrics ranking �rst at the time
of submission. These results demonstrate the comprehensive advantages of the proposed method in both
e�ectiveness and e�ciency.

CCS Concepts: •Computingmethodologies!Multi-agent systems; • Information systems! Structured
Query Language; • Theory of computation! Parsing.
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1 Introduction
Text-to-SQL task aims to automatically generate Structured Query Language (SQL) queries from
Natural Language Queries (NLQ). This task can improve the ability to access databases without the
need for knowledge of SQL [17].
As the text-to-SQL problem is notoriously hard, these systems have been a long-standing chal-

lenge of the database community for several decades [17]. Early work de�ned query answers
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Abstract
Database research and development require a large volume of SQL
queries for benchmarking. However, it is di�cult to obtain real SQL
queries due to privacy issues, and existing SQL generation methods
are limited in customization and satisfying realistic constraints.
To address this problem, we propose SQLBarber, a novel system
leveraging Large Language Models (LLMs) to generate customized
and realistic SQL workloads. SQLBarber (a) eliminates the need for
users to manually craft SQL templates in advance, while providing
the �exibility to accept high-level natural language speci�cations
to constrain the SQL templates, (b) scales e�ciently to produce a
large number of queries satisfying any user-de�ned cost distribu-
tion (e.g., cardinality, execution plan cost, or execution time), and
(c) analyzes execution statistics obtained from Amazon Redshift
and Snow�ake to derive both the speci�cations for SQL templates
and the cost distribution of SQL queries, ensuring that these con-
straints re�ect real-world workloads. This demonstration allows
the audience to experience SQLBarber in action: (1) provide their
customized speci�cations on SQL templates, (2) gain insights on
the e�ect of SQL template and predicate values on SQL costs, and
(3) explore real-world speci�cations of templates as well as cost
distributions of queries, and constrain their SQL queries to a desired
speci�cation and distribution, with the �exibility to try out di�er-
ent LLM and SQL cost types. A video demonstration is available at
https://youtu.be/qOuAKVXXcdM.
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1 Introduction
Database research and development demand extensive experiments
and benchmarking to prevent performance regressions. However,
due to privacy issues, it is di�cult to obtain real-world SQL queries
to serve as realistic benchmarks. As a result, SQL generation has
attracted signi�cant attention from both academia and industry.

Unfortunately, existing SQL generation methods fail to produce
customized SQL queries that satisfy realistic constraints. Some
approaches rely on prede�ned rules or �nite-state machines to
generate SQL templates randomly [1, 10], lacking the �exibility to
enforce structural and feature constraints on the templates. Other
methods [2] require users to manually craft high-quality SQL tem-
plates and subsequently generate queries that meet cardinality or
execution time requirements, which is expensive and not scalable.

Thus we develop SQLBarber, a novel Large Language Models
(LLMs)-based SQL generation system that: (a) eliminates the need
for users to manually craft SQL templates in advance, while pro-
viding the �exibility to accept high-level natural language speci-
�cations to constrain the SQL templates, (b) scales e�ciently to
produce a large number of queries that satisfy any user-de�ned
cost distribution (e.g., cardinality, execution plan cost, or execution
time), and (c) analyzes execution statistics obtained from Amazon
Redshift [8] and Snow�ake [9] to derive both the speci�cations for
SQL templates and the cost distribution of SQL queries, ensuring
that these constraints re�ect real-world workloads.

This demo lets attendees experience SQLBarber in action, using
a three-stage process to generate customized, cost-aware, and real-
istic SQL workloads. Firstly, SQLBarber utilizes an LLM-powered
pipeline to design customized SQL templates. This pipeline takes as
input the target database and user-speci�ed natural language con-
straints on SQL templates. Then it uses database schema summary,
join path generation, and template generation, along with valida-
tion and rewrite to ensure the templates satisfy the constraints.
Secondly, SQLBarber employs a pro�ling stage to evaluate the ca-
pability of each SQL template to generate queries of di�erent costs
under varying predicate values. This is achieved by substituting
placeholders in the previously generated SQL templates by di�erent
values to get executable queries, which are subsequently evaluated
on the DBMS to get costs (e.g., cardinality or cost). Thirdly, based
on the collected pro�ling statistics, SQLBarber leverages Bayesian
Optimization (BO) to explore the predicate value space e�ciently,
and identi�es a set of queries that satisfy the user-speci�ed cost
distribution. Finally, SQLBarber allows users to explore real-world
speci�cations of SQL templates as well as realistic cardinality and
execution time distributions, and constrain their queries to a desired
speci�cation and distribution. In addition, we o�er attendees the
opportunity to explore the e�ect of di�erent LLM and cost types.
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ABSTRACT
Query rewriting is one of the most e�ective techniques for coping
with poorly written queries before passing them down to the query
optimizer. Manual rewriting is not scalable, as it is error-prone
and requires deep expertise. Similarly, traditional query rewriting
algorithms can only handle a small subset of queries: rule-based
techniques do not generalize to new query patterns and synthesis-
based techniques cannot handle complex queries. Fortunately, the
rise of Large LanguageModels (LLMs), equipped with broad general
knowledge and advanced reasoning capabilities, has created hopes
for solving some of these previously open problems.

In this paper, we present G��R������, the �rst holistic system
that leverages LLMs for query rewriting. We introduce the notion of
Natural Language Rewrite Rules (NLR2s), and use them as hints to
the LLM but also a means for transferring knowledge from rewrit-
ing one query to another, and thus becoming smarter and more
e�ective over time. We present a novel counterexample-guided
technique that iteratively corrects the syntactic and semantic errors
in the rewritten query, signi�cantly reducing the LLM costs and the
manual e�ort required for veri�cation. G��R������ speeds up 22
out of 99 TPC queries (themost complex public benchmark) bymore
than 2x, which is 2.5x–3.2x higher coverage than state-of-the-art
traditional query rewriting and 2.1x higher than the out-of-the-box
LLM baseline.

PVLDB Reference Format:
Jie Liu and Barzan Mozafari. Query Rewriting via Large Language Models.
PVLDB, 14(1): XXX-XXX, 2020.
doi:XX.XX/XXX.XX

PVLDB Artifact Availability:
The source code, data, and/or other artifacts have been made available at
URL_TO_YOUR_ARTIFACTS.

1 INTRODUCTION
Ine�cient queries are a major problem in almost any organization
that uses a database product. These poorly-written queries—which
can be authored by inexperienced users or auto generated by busi-
ness intelligence (BI) or other tools—are often a main driver of slow
performance (and excessive costs in case of a cloud database, such as
Snow�ake [12] or BigQuery [16]). As a result, query rewriting (SQL-
to-SQL) is a critical step in improving performance and reducing
costs, as the chances of the query optimizer �nding a more e�-
cient query plan is signi�cantly lower if it is given a poorly-written

This work is licensed under the Creative Commons BY-NC-ND 4.0 International
License. Visit https://creativecommons.org/licenses/by-nc-nd/4.0/ to view a copy of
this license. For any use beyond those covered by this license, obtain permission by
emailing info@vldb.org. Copyright is held by the owner/author(s). Publication rights
licensed to the VLDB Endowment.
Proceedings of the VLDB Endowment, Vol. 14, No. 1 ISSN 2150-8097.
doi:XX.XX/XXX.XX

query to begin with. Query rewriting, whether done manually or
automatically, has remained a challenging task.
Challenges of manual query rewriting. The poorly-written
queries that have the biggest impact on the overall cost and per-
formance tend to be quite complex too. For example, it is not un-
common for OLAP queries that are auto generated by Looker [3]
to span multiple pages. Ensuring the rewriten query preserves the
semantics of the original requires a deep understanding of the data-
base schema, constraints, and the query intent, and is therefore a
time-consuming and error-prone task, even for seasoned database
experts. The fact that there can be thousands, if not millions, of such
queries makes the manual approach a monumental undertaking.
Limitations of traditional approaches to automated query
rewriting. Despite a large body of research, automated rewriting
techniques su�er from major drawbacks that have long inhibited
their e�ectiveness in practice. Here, the most common approach
is to rely on a set of “rewrite rules”, which are syntactic transfor-
mations based on pattern matching. If the pattern expressed in the
rule matches the input query, the rule replaces the matched part
with a counterpart, generating a semantically equivalent query
that is likely to run faster. Regardless of whether the rules are
developed and provided by experts [8, 10, 32] or are inferred auto-
matically [14, 41], a rule-based query rewriter is as e�ective as the
set of rewrite rules provided to it. By de�nition, rule-based query
rewriters1 are limited to situations where the input query matches
one of their existing rules, and thus fundamentally incapable of
optimizing new query patterns that have not been seen before [15].
Although synthesis-based query-rewriting does not require prior
rules [15], in practice it only handles simple queries (e.g., SlabC-
ity [15] can only optimize 2 out of 22 TPC-H queries and 3 out of
99 TPC-DS queries).
Large language models (LLMs). The shining success of large lan-
guage models (LLMs) in performing complex and open-ended tasks
has created new hopes for solving some of the hardest database
problems as well. While researchers have used LLMs for Text-to-
SQL [17, 18, 24, 33, 37] and a few other areas, e.g., data cleaning
and integration [31, 36], table processing [27, 29] and database
diagnosis [45], their potential for query rewriting has remained
largely unexplored. In instances where human experts or existing
rules cannot rewrite a query, say for complex queries or new query
patterns, could LLMs be leveraged to uncover rewrite opportunities
due to their broad general knowledge and advanced reasoning ca-
pabilities? If so, this could drastically lower the burden on human
experts and allow for a much larger set of queries to bene�t from
rewriting. To the best of our knowledge, this paper is the �rst to

1Rule-based query rewriting should not be confusedwith rule-based query optimization;
the latter is simpler, and thus much more common in practice [19].
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_-Tune: Harnessing Large Language Models for Automated
Database System Tuning
VICTOR GIANNAKOURIS, Cornell University, USA
IMMANUEL TRUMMER, Cornell University, USA

We introduce _-Tune, a framework that leverages Large Language Models (LLMs) for automated database
system tuning. The design of _-Tune is motivated by the capabilities of the latest generation of LLMs. Di�erent
from prior work, leveraging LLMs to extract tuning hints for single parameters, _-Tune generates entire
con�guration scripts, based on a large input document, describing the tuning context. _-Tune generates
alternative con�gurations, using a principled approach to identify the best con�guration, out of a small set
of candidates. In doing so, it minimizes recon�guration overheads and ensures that evaluation costs are
bounded as a function of the optimal run time. By treating prompt generation as a cost-based optimization
problem, _-Tune conveys the most relevant context to the LLM while bounding the number of input tokens
and, therefore, monetary fees for LLM invocations. We compare _-Tune to various baselines, using multiple
benchmarks and PostgreSQL and MySQL as target systems for tuning, showing that _-Tune is signi�cantly
more robust than prior approaches.

CCS Concepts: • Information systems! Autonomous database administration; Database utilities
and tools.

Additional Key Words and Phrases: Database, Tuning, Large Language Models
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1 Introduction
The performance of database management system changes dramatically as a function of various
tuning choices, including settings for system con�guration parameters as well as physical design
choices such as indexing, sorting, or partitioning. This has motivated a large body of research on
automated database system tuning. Recent work exploits machine learning to �nd near-optimal
con�gurations [5, 6, 14, 24] but su�ers from high training and exploration overheads. This has
motivated a new line of research [12, 21], exploiting LLMs to heuristically prune the search
space for tuning. Similar to human database administrators, such models leverage commonsense
knowledge, extracted from text documents, to narrow the focus to tuning options that seem
“reasonable”, given the tuning context. This paper presents _-Tune [7] (LAnguage Models for Better
Database Administration), a system that exploits capabilities o�ered by the latest generation of
LLMs, including the likes of GPT-4 and Claude 3, to optimize various tuning choices for speci�c
systems and OLAP workloads, including system parameter settings as well as physical design
decisions.
_-Tune. Prior approaches to LLM-enhanced database tuning [12, 21] parse text documents (e.g.,
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ABSTRACT
Some queries cannot be answered by machines only. Processing
such queries requires human input for providing information that is
missing from the database, for performing computationally difficult
functions, and for matching, ranking, or aggregating results based
on fuzzy criteria. CrowdDB uses human input via crowdsourcing
to process queries that neither database systems nor search engines
can adequately answer. It uses SQL both as a language for pos-
ing complex queries and as a way to model data. While CrowdDB
leverages many aspects of traditional database systems, there are
also important differences. Conceptually, a major change is that
the traditional closed-world assumption for query processing does
not hold for human input. From an implementation perspective,
human-oriented query operators are needed to solicit, integrate and
cleanse crowdsourced data. Furthermore, performance and cost de-
pend on a number of new factors including worker affinity, train-
ing, fatigue, motivation and location. We describe the design of
CrowdDB, report on an initial set of experiments using Amazon
Mechanical Turk, and outline important avenues for future work in
the development of crowdsourced query processing systems.

Categories and Subject Descriptors
H.2.4 [Database Management]: Systems

General Terms
Human Factors, Languages, Design, Performance

1. INTRODUCTION
Relational database systems have achieved widespread adoption,

not only in the business environments for which they were origi-
nally envisioned, but also for many other types of structured data,
such as personal, social, and even scientific information. Still, as
data creation and use become increasingly democratized through
web, mobile and other technologies, the limitations of the tech-
nology are becoming more apparent. RDBMSs make several key
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assumptions about the correctness, completeness and unambiguity
of the data they store. When these assumptions fail to hold, rela-
tional systems will return incorrect or incomplete answers to user
questions, if they return any answers at all.

1.1 Power to the People
One obvious situation where existing systems produce wrong an-

swers is when they are missing information required for answering
the question. For example, the query:

SELECT market_capitalization FROM company
WHERE name = "I.B.M.";

will return an empty answer if the company table instance in the
database at that time does not contain a record for “I.B.M.”. Of
course, in reality, there are many reasons why such a record may be
missing. For example, a data entry mistake may have omitted the
I.B.M. record or the record may have been inadvertently deleted.
Another possibility is that the record was entered incorrectly, say,
as “I.B.N.”

Traditional systems can erroneously return an empty result even
when no errors are made. For example, if the record was entered
correctly, but the name used was “International Business Machines”
rather than “I.B.M.” This latter “entity resolution” problem is not
due to an error but is simply an artifact of having multiple ways to
refer to the same real-world entity.

There are two fundamental problems at work here. First, rela-
tional database systems are based on the “Closed World Assump-
tion”: information that is not in the database is considered to be
false or non-existent. Second, relational databases are extremely
literal. They expect that data has been properly cleaned and val-
idated before entry and do not natively tolerate inconsistencies in
data or queries.

As another example, consider a query to find the best among a
collection of images to use in a motivational slide show:

SELECT image FROM picture
WHERE topic = "Business Success"
ORDER BY relevance LIMIT 1;

In this case, unless the relevance of pictures to specific topics has
been previously obtained and stored, there is simply no good way
to ask this question of a standard RDBMS. The issue here is one
of judgement: one cannot reliably answer the question simply by
applying relational operators on the database.

All of the above queries, however, while unanswerable by to-
day’s relational database systems, could easily be answered by peo-
ple, especially people who have access to the Internet.
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ABSTRACT

Crowdsourcing enables programmers to incorporate “human com-
putation” as a building block in algorithms that cannot be fully
automated, such as text analysis and image recognition. Simi-
larly, humans can be used as a building block in data-intensive
applications—providing, comparing, and verifying data used by
applications. Building upon the decades-long success of declara-
tive approaches to conventional data management, we use a similar
approach for data-intensive applications that incorporate humans.
Specifically, declarative queries are posed over stored relational
data as well as data computed on-demand from the crowd, and the
underlying system orchestrates the computation of query answers.

We present Deco, a database system for declarative crowdsourc-
ing. We describe Deco’s data model, query language, and our pro-
totype. Deco’s data model was designed to be general (it can be
instantiated to other proposed models), flexible (it allows methods
for data cleansing and external access to be plugged in), and prin-
cipled (it has a precisely-defined semantics). Syntactically, Deco’s
query language is a simple extension to SQL. Based on Deco’s data
model, we define a precise semantics for arbitrary queries involv-
ing both stored data and data obtained from the crowd. We then
describe the Deco query processor which uses a novel push-pull
hybrid execution model to respect the Deco semantics while coping
with the unique combination of latency, monetary cost, and uncer-
tainty introduced in the crowdsourcing environment. Finally, we
experimentally explore the query processing alternatives provided
by Deco using our current prototype.

Categories and Subject Descriptors

H.2.1 [Database Management]: Logical Design—data models;
H.2.3 [Database Management]: Languages—query languages

Keywords

declarative crowdsourcing, human computation
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1. INTRODUCTION

Crowdsourcing [7, 26] uses human workers to capture or gener-
ate data on demand and/or to classify, rank, label or enhance ex-
isting data. Often, the tasks performed by humans are hard for a
computer to do, e.g., rating a new restaurant or identifying features
of interest in a video. We can view the human-generated data as
a data source, so naturally one would like to seamlessly integrate
the crowd data source with other conventional sources, so the end
user can interact with a single, unified database. And naturally one
would like a declarative system, where the end user describes the
needs, and the system dynamically figures out what and how to
obtain crowd data, and how it must be integrated with other data.
This overall vision, and the underlying issues and challenges, were
outlined in our earlier paper [23].

In this paper, we realize our earlier vision to present Deco (short
for “declarative crowdsourcing”), a database system that answers
declarative queries posed over stored relational data, the collective
knowledge of the crowd, as well as other external data sources. Our
goal is to make Deco appear to the end user as similar as possible to
a conventional database system (a relational one in our case), while
hiding many of the complexities of dealing with humans as data
sources (e.g., breaking down large tasks into smaller ones, posting
tasks to a marketplace and pricing them, dealing with latency, and
handling errors and inconsistencies in human-provided data).

We describe the Deco data model, the query language and se-
mantics, and the query processor.

While the idea of declarative access to crowd data is appealing
and natural, there are significant challenges to address:

• How do we resolve disagreeing human opinions? For in-
stance, if we collect five ratings for a movie, we may want
to give the end user the average, but if we collect five phone
numbers, we may want to instead eliminate duplicates. How
does the schema designer (or DBA) specify what to do, and
when during query execution do we resolve the opinions?

• How does the database system interact with the human work-
ers (the crowd)? For instance, to get restaurant information,
we may want Deco to give the worker the name of a restau-
rant (e.g., “Bouchon”), and ask for its cuisine. But in other
cases Deco may want to give the worker the cuisine (e.g.,
“French”), and ask for restaurants serving that cuisine. Or
Deco may ask for cuisine and rating given the name of a
restaurant. How does the schema designer define the avail-
able options, which we can view as different “access meth-
ods”? Are there restrictions on the access methods that can
be defined? And how does Deco decide what access method
to use for a given query? How do we enable Deco to use
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ABSTRACT

Amazon’s Mechanical Turk (“MTurk”) service allows users
to post short tasks (“HITs”) that other users can receive
a small amount of money for completing. Common tasks
on the system include labelling a collection of images, com-
bining two sets of images to identify people which appear in
both, or extracting sentiment from a corpus of text snippets.
Designing a workflow of various kinds of HITs for filtering,
aggregating, sorting, and joining data sources together is
common, and comes with a set of challenges in optimizing
the cost per HIT, the overall time to task completion, and
the accuracy of MTurk results. We propose Qurk, a novel
query system for managing these workflows, allowing crowd-
powered processing of relational databases. We describe a
number of query execution and optimization challenges, and
discuss some potential solutions.

1. INTRODUCTION

Amazon’s Mechanical Turk service (https://www.mturk.
com/mturk/welcome) (“MTurk”) allows users to post short
tasks (“HITs”) that other users (“turkers”) can receive a
small amount of money for completing. A HIT creator speci-
fies how much he or she will pay for a completed task. Exam-
ple HITs involve compiling some information from the web,
labeling the subject of an image, or comparing two docu-
ments. More complicated tasks, such as ranking a set of ten
items or completing a survey are also possible. MTurk is
used widely to perform data analysis tasks which are either
easier to express to humans than to computers, or for which
there aren’t yet e↵ective artificial intelligence algorithms.

Task prices vary from a few cents ($.01-$.02/HIT is a com-
mon price) to several dollars for completing a survey. MTurk
has around 100,000-300,000 HITs posted at any time (http:
//mturk-tracker.com/general/). Novel uses of MTurk in-
clude matching earthquake survivor pictures with missing
persons in Haiti (http://app.beextra.org/mission/show/
missionid/605/mode/do), authoring a picture book (http:
//bjoern.org/projects/catbook/), and embedding turk-
ers as editors into a word processing system [2].

From the point of view of a database system, crowd-
powered tasks can be seen as operators—similar to user-
defined functions—that are invoked as a part of query pro-

This article is published under a Creative Commons Attribution License
(http://creativecommons.org/licenses/by/3.0/), which permits distribution
and reproduction in any medium as well allowing derivative works, pro-
vided that you attribute the original work to the author(s) and CIDR 2011.
CIDR 2011

cessing. For example, given a database storing a table of
images, a user might want to query for images of flowers,
generating a HIT per image to have turkers perform the fil-
ter task. Several challenes arise in processing such a work-
flow. First, each HIT can take minutes to return, requiring
an asynchronous query executor. Second, in addition to con-
sidering time, a crowdworker-aware optimizer must consider
monetary cost and result accuracy. Finally, the selectivity of
operators can not be predicted a priori, requiring an adap-
tive approach to query processing.

In this paper, we propose Qurk, a crowdworker-aware
database system which addresses these challenges. Qurk
can issue HITs that extract, order, filter, and join complex
datatypes, such as images and large text blobs. While we de-
scribe Qurk here using the language of MTurk (turkers and
HITs), and our initial prototype runs on MTurk, we aim for
Qurk to be crowd-platform-independent. Future versions of
Qurk will compile tasks for di↵erent kinds of crowds with
di↵erent interfaces and incentive systems. Qurk is a new
system in active development; we describe our vision for the
system, propose a high level sketch of a UDF-like syntax for
executing these HITs, and explore a number of questions
that arise in such a system, including:

• What is the HIT equivalent of various relational op-
erations? For example, an equijoin HIT might require
humans to identify equal items, whereas a HIT-based
sort can use human comparators.

• How many HITs should be generated for a given task?
For example, when sorting, one can generate a HIT
that asks users to score many items, or to simply com-
pare two. How can the system optimize each HIT?

• Given that a large database could result in millions of
HITs, how should the system choose which HITs to
issue? Given that only a fraction of items in a large
database can have HITs generated for them, what is
the proper notion of query correctness?

• How much to charge for a HIT? Higher prices can lead
to faster answers. Can the system adaptively optimize
the price of HITs based on user-specified response time
and budget constraints?

• Who is the right crowdworker for a task? MTurk pro-
vides paid workers, but an enterprise might prefer ex-
pert workers, and an operation with a tight budget
might look for non-monetary incentives.

2. MOTIVATING EXAMPLES

Here is a list of tasks that Qurk should be able to run:
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ABSTRACT
Some queries cannot be answered by machines only. Processing
such queries requires human input for providing information that is
missing from the database, for performing computationally difficult
functions, and for matching, ranking, or aggregating results based
on fuzzy criteria. CrowdDB uses human input via crowdsourcing
to process queries that neither database systems nor search engines
can adequately answer. It uses SQL both as a language for pos-
ing complex queries and as a way to model data. While CrowdDB
leverages many aspects of traditional database systems, there are
also important differences. Conceptually, a major change is that
the traditional closed-world assumption for query processing does
not hold for human input. From an implementation perspective,
human-oriented query operators are needed to solicit, integrate and
cleanse crowdsourced data. Furthermore, performance and cost de-
pend on a number of new factors including worker affinity, train-
ing, fatigue, motivation and location. We describe the design of
CrowdDB, report on an initial set of experiments using Amazon
Mechanical Turk, and outline important avenues for future work in
the development of crowdsourced query processing systems.

Categories and Subject Descriptors
H.2.4 [Database Management]: Systems

General Terms
Human Factors, Languages, Design, Performance

1. INTRODUCTION
Relational database systems have achieved widespread adoption,

not only in the business environments for which they were origi-
nally envisioned, but also for many other types of structured data,
such as personal, social, and even scientific information. Still, as
data creation and use become increasingly democratized through
web, mobile and other technologies, the limitations of the tech-
nology are becoming more apparent. RDBMSs make several key
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assumptions about the correctness, completeness and unambiguity
of the data they store. When these assumptions fail to hold, rela-
tional systems will return incorrect or incomplete answers to user
questions, if they return any answers at all.

1.1 Power to the People
One obvious situation where existing systems produce wrong an-

swers is when they are missing information required for answering
the question. For example, the query:

SELECT market_capitalization FROM company
WHERE name = "I.B.M.";

will return an empty answer if the company table instance in the
database at that time does not contain a record for “I.B.M.”. Of
course, in reality, there are many reasons why such a record may be
missing. For example, a data entry mistake may have omitted the
I.B.M. record or the record may have been inadvertently deleted.
Another possibility is that the record was entered incorrectly, say,
as “I.B.N.”

Traditional systems can erroneously return an empty result even
when no errors are made. For example, if the record was entered
correctly, but the name used was “International Business Machines”
rather than “I.B.M.” This latter “entity resolution” problem is not
due to an error but is simply an artifact of having multiple ways to
refer to the same real-world entity.

There are two fundamental problems at work here. First, rela-
tional database systems are based on the “Closed World Assump-
tion”: information that is not in the database is considered to be
false or non-existent. Second, relational databases are extremely
literal. They expect that data has been properly cleaned and val-
idated before entry and do not natively tolerate inconsistencies in
data or queries.

As another example, consider a query to find the best among a
collection of images to use in a motivational slide show:

SELECT image FROM picture
WHERE topic = "Business Success"
ORDER BY relevance LIMIT 1;

In this case, unless the relevance of pictures to specific topics has
been previously obtained and stored, there is simply no good way
to ask this question of a standard RDBMS. The issue here is one
of judgement: one cannot reliably answer the question simply by
applying relational operators on the database.

All of the above queries, however, while unanswerable by to-
day’s relational database systems, could easily be answered by peo-
ple, especially people who have access to the Internet.
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ABSTRACT

Crowdsourcing enables programmers to incorporate “human com-
putation” as a building block in algorithms that cannot be fully
automated, such as text analysis and image recognition. Simi-
larly, humans can be used as a building block in data-intensive
applications—providing, comparing, and verifying data used by
applications. Building upon the decades-long success of declara-
tive approaches to conventional data management, we use a similar
approach for data-intensive applications that incorporate humans.
Specifically, declarative queries are posed over stored relational
data as well as data computed on-demand from the crowd, and the
underlying system orchestrates the computation of query answers.

We present Deco, a database system for declarative crowdsourc-
ing. We describe Deco’s data model, query language, and our pro-
totype. Deco’s data model was designed to be general (it can be
instantiated to other proposed models), flexible (it allows methods
for data cleansing and external access to be plugged in), and prin-
cipled (it has a precisely-defined semantics). Syntactically, Deco’s
query language is a simple extension to SQL. Based on Deco’s data
model, we define a precise semantics for arbitrary queries involv-
ing both stored data and data obtained from the crowd. We then
describe the Deco query processor which uses a novel push-pull
hybrid execution model to respect the Deco semantics while coping
with the unique combination of latency, monetary cost, and uncer-
tainty introduced in the crowdsourcing environment. Finally, we
experimentally explore the query processing alternatives provided
by Deco using our current prototype.

Categories and Subject Descriptors

H.2.1 [Database Management]: Logical Design—data models;
H.2.3 [Database Management]: Languages—query languages

Keywords
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1. INTRODUCTION

Crowdsourcing [7, 26] uses human workers to capture or gener-
ate data on demand and/or to classify, rank, label or enhance ex-
isting data. Often, the tasks performed by humans are hard for a
computer to do, e.g., rating a new restaurant or identifying features
of interest in a video. We can view the human-generated data as
a data source, so naturally one would like to seamlessly integrate
the crowd data source with other conventional sources, so the end
user can interact with a single, unified database. And naturally one
would like a declarative system, where the end user describes the
needs, and the system dynamically figures out what and how to
obtain crowd data, and how it must be integrated with other data.
This overall vision, and the underlying issues and challenges, were
outlined in our earlier paper [23].

In this paper, we realize our earlier vision to present Deco (short
for “declarative crowdsourcing”), a database system that answers
declarative queries posed over stored relational data, the collective
knowledge of the crowd, as well as other external data sources. Our
goal is to make Deco appear to the end user as similar as possible to
a conventional database system (a relational one in our case), while
hiding many of the complexities of dealing with humans as data
sources (e.g., breaking down large tasks into smaller ones, posting
tasks to a marketplace and pricing them, dealing with latency, and
handling errors and inconsistencies in human-provided data).

We describe the Deco data model, the query language and se-
mantics, and the query processor.

While the idea of declarative access to crowd data is appealing
and natural, there are significant challenges to address:

• How do we resolve disagreeing human opinions? For in-
stance, if we collect five ratings for a movie, we may want
to give the end user the average, but if we collect five phone
numbers, we may want to instead eliminate duplicates. How
does the schema designer (or DBA) specify what to do, and
when during query execution do we resolve the opinions?

• How does the database system interact with the human work-
ers (the crowd)? For instance, to get restaurant information,
we may want Deco to give the worker the name of a restau-
rant (e.g., “Bouchon”), and ask for its cuisine. But in other
cases Deco may want to give the worker the cuisine (e.g.,
“French”), and ask for restaurants serving that cuisine. Or
Deco may ask for cuisine and rating given the name of a
restaurant. How does the schema designer define the avail-
able options, which we can view as different “access meth-
ods”? Are there restrictions on the access methods that can
be defined? And how does Deco decide what access method
to use for a given query? How do we enable Deco to use

1203

Crowdsourced Databases: Query Processing with People

Adam Marcus, Eugene Wu, David R. Karger, Samuel Madden, Robert C. Miller
MIT CSAIL

{marcua, sirrice, karger, madden, rcm}@csail.mit.edu

ABSTRACT

Amazon’s Mechanical Turk (“MTurk”) service allows users
to post short tasks (“HITs”) that other users can receive
a small amount of money for completing. Common tasks
on the system include labelling a collection of images, com-
bining two sets of images to identify people which appear in
both, or extracting sentiment from a corpus of text snippets.
Designing a workflow of various kinds of HITs for filtering,
aggregating, sorting, and joining data sources together is
common, and comes with a set of challenges in optimizing
the cost per HIT, the overall time to task completion, and
the accuracy of MTurk results. We propose Qurk, a novel
query system for managing these workflows, allowing crowd-
powered processing of relational databases. We describe a
number of query execution and optimization challenges, and
discuss some potential solutions.

1. INTRODUCTION

Amazon’s Mechanical Turk service (https://www.mturk.
com/mturk/welcome) (“MTurk”) allows users to post short
tasks (“HITs”) that other users (“turkers”) can receive a
small amount of money for completing. A HIT creator speci-
fies how much he or she will pay for a completed task. Exam-
ple HITs involve compiling some information from the web,
labeling the subject of an image, or comparing two docu-
ments. More complicated tasks, such as ranking a set of ten
items or completing a survey are also possible. MTurk is
used widely to perform data analysis tasks which are either
easier to express to humans than to computers, or for which
there aren’t yet e↵ective artificial intelligence algorithms.

Task prices vary from a few cents ($.01-$.02/HIT is a com-
mon price) to several dollars for completing a survey. MTurk
has around 100,000-300,000 HITs posted at any time (http:
//mturk-tracker.com/general/). Novel uses of MTurk in-
clude matching earthquake survivor pictures with missing
persons in Haiti (http://app.beextra.org/mission/show/
missionid/605/mode/do), authoring a picture book (http:
//bjoern.org/projects/catbook/), and embedding turk-
ers as editors into a word processing system [2].

From the point of view of a database system, crowd-
powered tasks can be seen as operators—similar to user-
defined functions—that are invoked as a part of query pro-
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cessing. For example, given a database storing a table of
images, a user might want to query for images of flowers,
generating a HIT per image to have turkers perform the fil-
ter task. Several challenes arise in processing such a work-
flow. First, each HIT can take minutes to return, requiring
an asynchronous query executor. Second, in addition to con-
sidering time, a crowdworker-aware optimizer must consider
monetary cost and result accuracy. Finally, the selectivity of
operators can not be predicted a priori, requiring an adap-
tive approach to query processing.

In this paper, we propose Qurk, a crowdworker-aware
database system which addresses these challenges. Qurk
can issue HITs that extract, order, filter, and join complex
datatypes, such as images and large text blobs. While we de-
scribe Qurk here using the language of MTurk (turkers and
HITs), and our initial prototype runs on MTurk, we aim for
Qurk to be crowd-platform-independent. Future versions of
Qurk will compile tasks for di↵erent kinds of crowds with
di↵erent interfaces and incentive systems. Qurk is a new
system in active development; we describe our vision for the
system, propose a high level sketch of a UDF-like syntax for
executing these HITs, and explore a number of questions
that arise in such a system, including:

• What is the HIT equivalent of various relational op-
erations? For example, an equijoin HIT might require
humans to identify equal items, whereas a HIT-based
sort can use human comparators.

• How many HITs should be generated for a given task?
For example, when sorting, one can generate a HIT
that asks users to score many items, or to simply com-
pare two. How can the system optimize each HIT?

• Given that a large database could result in millions of
HITs, how should the system choose which HITs to
issue? Given that only a fraction of items in a large
database can have HITs generated for them, what is
the proper notion of query correctness?

• How much to charge for a HIT? Higher prices can lead
to faster answers. Can the system adaptively optimize
the price of HITs based on user-specified response time
and budget constraints?

• Who is the right crowdworker for a task? MTurk pro-
vides paid workers, but an enterprise might prefer ex-
pert workers, and an operation with a tight budget
might look for non-monetary incentives.

2. MOTIVATING EXAMPLES

Here is a list of tasks that Qurk should be able to run:
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ABSTRACT
Some queries cannot be answered by machines only. Processing
such queries requires human input for providing information that is
missing from the database, for performing computationally difficult
functions, and for matching, ranking, or aggregating results based
on fuzzy criteria. CrowdDB uses human input via crowdsourcing
to process queries that neither database systems nor search engines
can adequately answer. It uses SQL both as a language for pos-
ing complex queries and as a way to model data. While CrowdDB
leverages many aspects of traditional database systems, there are
also important differences. Conceptually, a major change is that
the traditional closed-world assumption for query processing does
not hold for human input. From an implementation perspective,
human-oriented query operators are needed to solicit, integrate and
cleanse crowdsourced data. Furthermore, performance and cost de-
pend on a number of new factors including worker affinity, train-
ing, fatigue, motivation and location. We describe the design of
CrowdDB, report on an initial set of experiments using Amazon
Mechanical Turk, and outline important avenues for future work in
the development of crowdsourced query processing systems.

Categories and Subject Descriptors
H.2.4 [Database Management]: Systems

General Terms
Human Factors, Languages, Design, Performance

1. INTRODUCTION
Relational database systems have achieved widespread adoption,

not only in the business environments for which they were origi-
nally envisioned, but also for many other types of structured data,
such as personal, social, and even scientific information. Still, as
data creation and use become increasingly democratized through
web, mobile and other technologies, the limitations of the tech-
nology are becoming more apparent. RDBMSs make several key
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assumptions about the correctness, completeness and unambiguity
of the data they store. When these assumptions fail to hold, rela-
tional systems will return incorrect or incomplete answers to user
questions, if they return any answers at all.

1.1 Power to the People
One obvious situation where existing systems produce wrong an-

swers is when they are missing information required for answering
the question. For example, the query:

SELECT market_capitalization FROM company
WHERE name = "I.B.M.";

will return an empty answer if the company table instance in the
database at that time does not contain a record for “I.B.M.”. Of
course, in reality, there are many reasons why such a record may be
missing. For example, a data entry mistake may have omitted the
I.B.M. record or the record may have been inadvertently deleted.
Another possibility is that the record was entered incorrectly, say,
as “I.B.N.”

Traditional systems can erroneously return an empty result even
when no errors are made. For example, if the record was entered
correctly, but the name used was “International Business Machines”
rather than “I.B.M.” This latter “entity resolution” problem is not
due to an error but is simply an artifact of having multiple ways to
refer to the same real-world entity.

There are two fundamental problems at work here. First, rela-
tional database systems are based on the “Closed World Assump-
tion”: information that is not in the database is considered to be
false or non-existent. Second, relational databases are extremely
literal. They expect that data has been properly cleaned and val-
idated before entry and do not natively tolerate inconsistencies in
data or queries.

As another example, consider a query to find the best among a
collection of images to use in a motivational slide show:

SELECT image FROM picture
WHERE topic = "Business Success"
ORDER BY relevance LIMIT 1;

In this case, unless the relevance of pictures to specific topics has
been previously obtained and stored, there is simply no good way
to ask this question of a standard RDBMS. The issue here is one
of judgement: one cannot reliably answer the question simply by
applying relational operators on the database.

All of the above queries, however, while unanswerable by to-
day’s relational database systems, could easily be answered by peo-
ple, especially people who have access to the Internet.
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ABSTRACT

Crowdsourcing enables programmers to incorporate “human com-
putation” as a building block in algorithms that cannot be fully
automated, such as text analysis and image recognition. Simi-
larly, humans can be used as a building block in data-intensive
applications—providing, comparing, and verifying data used by
applications. Building upon the decades-long success of declara-
tive approaches to conventional data management, we use a similar
approach for data-intensive applications that incorporate humans.
Specifically, declarative queries are posed over stored relational
data as well as data computed on-demand from the crowd, and the
underlying system orchestrates the computation of query answers.

We present Deco, a database system for declarative crowdsourc-
ing. We describe Deco’s data model, query language, and our pro-
totype. Deco’s data model was designed to be general (it can be
instantiated to other proposed models), flexible (it allows methods
for data cleansing and external access to be plugged in), and prin-
cipled (it has a precisely-defined semantics). Syntactically, Deco’s
query language is a simple extension to SQL. Based on Deco’s data
model, we define a precise semantics for arbitrary queries involv-
ing both stored data and data obtained from the crowd. We then
describe the Deco query processor which uses a novel push-pull
hybrid execution model to respect the Deco semantics while coping
with the unique combination of latency, monetary cost, and uncer-
tainty introduced in the crowdsourcing environment. Finally, we
experimentally explore the query processing alternatives provided
by Deco using our current prototype.

Categories and Subject Descriptors

H.2.1 [Database Management]: Logical Design—data models;
H.2.3 [Database Management]: Languages—query languages
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1. INTRODUCTION

Crowdsourcing [7, 26] uses human workers to capture or gener-
ate data on demand and/or to classify, rank, label or enhance ex-
isting data. Often, the tasks performed by humans are hard for a
computer to do, e.g., rating a new restaurant or identifying features
of interest in a video. We can view the human-generated data as
a data source, so naturally one would like to seamlessly integrate
the crowd data source with other conventional sources, so the end
user can interact with a single, unified database. And naturally one
would like a declarative system, where the end user describes the
needs, and the system dynamically figures out what and how to
obtain crowd data, and how it must be integrated with other data.
This overall vision, and the underlying issues and challenges, were
outlined in our earlier paper [23].

In this paper, we realize our earlier vision to present Deco (short
for “declarative crowdsourcing”), a database system that answers
declarative queries posed over stored relational data, the collective
knowledge of the crowd, as well as other external data sources. Our
goal is to make Deco appear to the end user as similar as possible to
a conventional database system (a relational one in our case), while
hiding many of the complexities of dealing with humans as data
sources (e.g., breaking down large tasks into smaller ones, posting
tasks to a marketplace and pricing them, dealing with latency, and
handling errors and inconsistencies in human-provided data).

We describe the Deco data model, the query language and se-
mantics, and the query processor.

While the idea of declarative access to crowd data is appealing
and natural, there are significant challenges to address:

• How do we resolve disagreeing human opinions? For in-
stance, if we collect five ratings for a movie, we may want
to give the end user the average, but if we collect five phone
numbers, we may want to instead eliminate duplicates. How
does the schema designer (or DBA) specify what to do, and
when during query execution do we resolve the opinions?

• How does the database system interact with the human work-
ers (the crowd)? For instance, to get restaurant information,
we may want Deco to give the worker the name of a restau-
rant (e.g., “Bouchon”), and ask for its cuisine. But in other
cases Deco may want to give the worker the cuisine (e.g.,
“French”), and ask for restaurants serving that cuisine. Or
Deco may ask for cuisine and rating given the name of a
restaurant. How does the schema designer define the avail-
able options, which we can view as different “access meth-
ods”? Are there restrictions on the access methods that can
be defined? And how does Deco decide what access method
to use for a given query? How do we enable Deco to use
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ABSTRACT

Amazon’s Mechanical Turk (“MTurk”) service allows users
to post short tasks (“HITs”) that other users can receive
a small amount of money for completing. Common tasks
on the system include labelling a collection of images, com-
bining two sets of images to identify people which appear in
both, or extracting sentiment from a corpus of text snippets.
Designing a workflow of various kinds of HITs for filtering,
aggregating, sorting, and joining data sources together is
common, and comes with a set of challenges in optimizing
the cost per HIT, the overall time to task completion, and
the accuracy of MTurk results. We propose Qurk, a novel
query system for managing these workflows, allowing crowd-
powered processing of relational databases. We describe a
number of query execution and optimization challenges, and
discuss some potential solutions.

1. INTRODUCTION

Amazon’s Mechanical Turk service (https://www.mturk.
com/mturk/welcome) (“MTurk”) allows users to post short
tasks (“HITs”) that other users (“turkers”) can receive a
small amount of money for completing. A HIT creator speci-
fies how much he or she will pay for a completed task. Exam-
ple HITs involve compiling some information from the web,
labeling the subject of an image, or comparing two docu-
ments. More complicated tasks, such as ranking a set of ten
items or completing a survey are also possible. MTurk is
used widely to perform data analysis tasks which are either
easier to express to humans than to computers, or for which
there aren’t yet e↵ective artificial intelligence algorithms.

Task prices vary from a few cents ($.01-$.02/HIT is a com-
mon price) to several dollars for completing a survey. MTurk
has around 100,000-300,000 HITs posted at any time (http:
//mturk-tracker.com/general/). Novel uses of MTurk in-
clude matching earthquake survivor pictures with missing
persons in Haiti (http://app.beextra.org/mission/show/
missionid/605/mode/do), authoring a picture book (http:
//bjoern.org/projects/catbook/), and embedding turk-
ers as editors into a word processing system [2].

From the point of view of a database system, crowd-
powered tasks can be seen as operators—similar to user-
defined functions—that are invoked as a part of query pro-
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cessing. For example, given a database storing a table of
images, a user might want to query for images of flowers,
generating a HIT per image to have turkers perform the fil-
ter task. Several challenes arise in processing such a work-
flow. First, each HIT can take minutes to return, requiring
an asynchronous query executor. Second, in addition to con-
sidering time, a crowdworker-aware optimizer must consider
monetary cost and result accuracy. Finally, the selectivity of
operators can not be predicted a priori, requiring an adap-
tive approach to query processing.

In this paper, we propose Qurk, a crowdworker-aware
database system which addresses these challenges. Qurk
can issue HITs that extract, order, filter, and join complex
datatypes, such as images and large text blobs. While we de-
scribe Qurk here using the language of MTurk (turkers and
HITs), and our initial prototype runs on MTurk, we aim for
Qurk to be crowd-platform-independent. Future versions of
Qurk will compile tasks for di↵erent kinds of crowds with
di↵erent interfaces and incentive systems. Qurk is a new
system in active development; we describe our vision for the
system, propose a high level sketch of a UDF-like syntax for
executing these HITs, and explore a number of questions
that arise in such a system, including:

• What is the HIT equivalent of various relational op-
erations? For example, an equijoin HIT might require
humans to identify equal items, whereas a HIT-based
sort can use human comparators.

• How many HITs should be generated for a given task?
For example, when sorting, one can generate a HIT
that asks users to score many items, or to simply com-
pare two. How can the system optimize each HIT?

• Given that a large database could result in millions of
HITs, how should the system choose which HITs to
issue? Given that only a fraction of items in a large
database can have HITs generated for them, what is
the proper notion of query correctness?

• How much to charge for a HIT? Higher prices can lead
to faster answers. Can the system adaptively optimize
the price of HITs based on user-specified response time
and budget constraints?

• Who is the right crowdworker for a task? MTurk pro-
vides paid workers, but an enterprise might prefer ex-
pert workers, and an operation with a tight budget
might look for non-monetary incentives.

2. MOTIVATING EXAMPLES

Here is a list of tasks that Qurk should be able to run:
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ABSTRACT
Some queries cannot be answered by machines only. Processing
such queries requires human input for providing information that is
missing from the database, for performing computationally difficult
functions, and for matching, ranking, or aggregating results based
on fuzzy criteria. CrowdDB uses human input via crowdsourcing
to process queries that neither database systems nor search engines
can adequately answer. It uses SQL both as a language for pos-
ing complex queries and as a way to model data. While CrowdDB
leverages many aspects of traditional database systems, there are
also important differences. Conceptually, a major change is that
the traditional closed-world assumption for query processing does
not hold for human input. From an implementation perspective,
human-oriented query operators are needed to solicit, integrate and
cleanse crowdsourced data. Furthermore, performance and cost de-
pend on a number of new factors including worker affinity, train-
ing, fatigue, motivation and location. We describe the design of
CrowdDB, report on an initial set of experiments using Amazon
Mechanical Turk, and outline important avenues for future work in
the development of crowdsourced query processing systems.

Categories and Subject Descriptors
H.2.4 [Database Management]: Systems

General Terms
Human Factors, Languages, Design, Performance

1. INTRODUCTION
Relational database systems have achieved widespread adoption,

not only in the business environments for which they were origi-
nally envisioned, but also for many other types of structured data,
such as personal, social, and even scientific information. Still, as
data creation and use become increasingly democratized through
web, mobile and other technologies, the limitations of the tech-
nology are becoming more apparent. RDBMSs make several key
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assumptions about the correctness, completeness and unambiguity
of the data they store. When these assumptions fail to hold, rela-
tional systems will return incorrect or incomplete answers to user
questions, if they return any answers at all.

1.1 Power to the People
One obvious situation where existing systems produce wrong an-

swers is when they are missing information required for answering
the question. For example, the query:

SELECT market_capitalization FROM company
WHERE name = "I.B.M.";

will return an empty answer if the company table instance in the
database at that time does not contain a record for “I.B.M.”. Of
course, in reality, there are many reasons why such a record may be
missing. For example, a data entry mistake may have omitted the
I.B.M. record or the record may have been inadvertently deleted.
Another possibility is that the record was entered incorrectly, say,
as “I.B.N.”

Traditional systems can erroneously return an empty result even
when no errors are made. For example, if the record was entered
correctly, but the name used was “International Business Machines”
rather than “I.B.M.” This latter “entity resolution” problem is not
due to an error but is simply an artifact of having multiple ways to
refer to the same real-world entity.

There are two fundamental problems at work here. First, rela-
tional database systems are based on the “Closed World Assump-
tion”: information that is not in the database is considered to be
false or non-existent. Second, relational databases are extremely
literal. They expect that data has been properly cleaned and val-
idated before entry and do not natively tolerate inconsistencies in
data or queries.

As another example, consider a query to find the best among a
collection of images to use in a motivational slide show:

SELECT image FROM picture
WHERE topic = "Business Success"
ORDER BY relevance LIMIT 1;

In this case, unless the relevance of pictures to specific topics has
been previously obtained and stored, there is simply no good way
to ask this question of a standard RDBMS. The issue here is one
of judgement: one cannot reliably answer the question simply by
applying relational operators on the database.

All of the above queries, however, while unanswerable by to-
day’s relational database systems, could easily be answered by peo-
ple, especially people who have access to the Internet.
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ABSTRACT

Crowdsourcing enables programmers to incorporate “human com-
putation” as a building block in algorithms that cannot be fully
automated, such as text analysis and image recognition. Simi-
larly, humans can be used as a building block in data-intensive
applications—providing, comparing, and verifying data used by
applications. Building upon the decades-long success of declara-
tive approaches to conventional data management, we use a similar
approach for data-intensive applications that incorporate humans.
Specifically, declarative queries are posed over stored relational
data as well as data computed on-demand from the crowd, and the
underlying system orchestrates the computation of query answers.

We present Deco, a database system for declarative crowdsourc-
ing. We describe Deco’s data model, query language, and our pro-
totype. Deco’s data model was designed to be general (it can be
instantiated to other proposed models), flexible (it allows methods
for data cleansing and external access to be plugged in), and prin-
cipled (it has a precisely-defined semantics). Syntactically, Deco’s
query language is a simple extension to SQL. Based on Deco’s data
model, we define a precise semantics for arbitrary queries involv-
ing both stored data and data obtained from the crowd. We then
describe the Deco query processor which uses a novel push-pull
hybrid execution model to respect the Deco semantics while coping
with the unique combination of latency, monetary cost, and uncer-
tainty introduced in the crowdsourcing environment. Finally, we
experimentally explore the query processing alternatives provided
by Deco using our current prototype.

Categories and Subject Descriptors

H.2.1 [Database Management]: Logical Design—data models;
H.2.3 [Database Management]: Languages—query languages
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1. INTRODUCTION

Crowdsourcing [7, 26] uses human workers to capture or gener-
ate data on demand and/or to classify, rank, label or enhance ex-
isting data. Often, the tasks performed by humans are hard for a
computer to do, e.g., rating a new restaurant or identifying features
of interest in a video. We can view the human-generated data as
a data source, so naturally one would like to seamlessly integrate
the crowd data source with other conventional sources, so the end
user can interact with a single, unified database. And naturally one
would like a declarative system, where the end user describes the
needs, and the system dynamically figures out what and how to
obtain crowd data, and how it must be integrated with other data.
This overall vision, and the underlying issues and challenges, were
outlined in our earlier paper [23].

In this paper, we realize our earlier vision to present Deco (short
for “declarative crowdsourcing”), a database system that answers
declarative queries posed over stored relational data, the collective
knowledge of the crowd, as well as other external data sources. Our
goal is to make Deco appear to the end user as similar as possible to
a conventional database system (a relational one in our case), while
hiding many of the complexities of dealing with humans as data
sources (e.g., breaking down large tasks into smaller ones, posting
tasks to a marketplace and pricing them, dealing with latency, and
handling errors and inconsistencies in human-provided data).

We describe the Deco data model, the query language and se-
mantics, and the query processor.

While the idea of declarative access to crowd data is appealing
and natural, there are significant challenges to address:

• How do we resolve disagreeing human opinions? For in-
stance, if we collect five ratings for a movie, we may want
to give the end user the average, but if we collect five phone
numbers, we may want to instead eliminate duplicates. How
does the schema designer (or DBA) specify what to do, and
when during query execution do we resolve the opinions?

• How does the database system interact with the human work-
ers (the crowd)? For instance, to get restaurant information,
we may want Deco to give the worker the name of a restau-
rant (e.g., “Bouchon”), and ask for its cuisine. But in other
cases Deco may want to give the worker the cuisine (e.g.,
“French”), and ask for restaurants serving that cuisine. Or
Deco may ask for cuisine and rating given the name of a
restaurant. How does the schema designer define the avail-
able options, which we can view as different “access meth-
ods”? Are there restrictions on the access methods that can
be defined? And how does Deco decide what access method
to use for a given query? How do we enable Deco to use

1203

Crowdsourced Databases: Query Processing with People

Adam Marcus, Eugene Wu, David R. Karger, Samuel Madden, Robert C. Miller
MIT CSAIL

{marcua, sirrice, karger, madden, rcm}@csail.mit.edu

ABSTRACT

Amazon’s Mechanical Turk (“MTurk”) service allows users
to post short tasks (“HITs”) that other users can receive
a small amount of money for completing. Common tasks
on the system include labelling a collection of images, com-
bining two sets of images to identify people which appear in
both, or extracting sentiment from a corpus of text snippets.
Designing a workflow of various kinds of HITs for filtering,
aggregating, sorting, and joining data sources together is
common, and comes with a set of challenges in optimizing
the cost per HIT, the overall time to task completion, and
the accuracy of MTurk results. We propose Qurk, a novel
query system for managing these workflows, allowing crowd-
powered processing of relational databases. We describe a
number of query execution and optimization challenges, and
discuss some potential solutions.

1. INTRODUCTION

Amazon’s Mechanical Turk service (https://www.mturk.
com/mturk/welcome) (“MTurk”) allows users to post short
tasks (“HITs”) that other users (“turkers”) can receive a
small amount of money for completing. A HIT creator speci-
fies how much he or she will pay for a completed task. Exam-
ple HITs involve compiling some information from the web,
labeling the subject of an image, or comparing two docu-
ments. More complicated tasks, such as ranking a set of ten
items or completing a survey are also possible. MTurk is
used widely to perform data analysis tasks which are either
easier to express to humans than to computers, or for which
there aren’t yet e↵ective artificial intelligence algorithms.

Task prices vary from a few cents ($.01-$.02/HIT is a com-
mon price) to several dollars for completing a survey. MTurk
has around 100,000-300,000 HITs posted at any time (http:
//mturk-tracker.com/general/). Novel uses of MTurk in-
clude matching earthquake survivor pictures with missing
persons in Haiti (http://app.beextra.org/mission/show/
missionid/605/mode/do), authoring a picture book (http:
//bjoern.org/projects/catbook/), and embedding turk-
ers as editors into a word processing system [2].

From the point of view of a database system, crowd-
powered tasks can be seen as operators—similar to user-
defined functions—that are invoked as a part of query pro-
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cessing. For example, given a database storing a table of
images, a user might want to query for images of flowers,
generating a HIT per image to have turkers perform the fil-
ter task. Several challenes arise in processing such a work-
flow. First, each HIT can take minutes to return, requiring
an asynchronous query executor. Second, in addition to con-
sidering time, a crowdworker-aware optimizer must consider
monetary cost and result accuracy. Finally, the selectivity of
operators can not be predicted a priori, requiring an adap-
tive approach to query processing.

In this paper, we propose Qurk, a crowdworker-aware
database system which addresses these challenges. Qurk
can issue HITs that extract, order, filter, and join complex
datatypes, such as images and large text blobs. While we de-
scribe Qurk here using the language of MTurk (turkers and
HITs), and our initial prototype runs on MTurk, we aim for
Qurk to be crowd-platform-independent. Future versions of
Qurk will compile tasks for di↵erent kinds of crowds with
di↵erent interfaces and incentive systems. Qurk is a new
system in active development; we describe our vision for the
system, propose a high level sketch of a UDF-like syntax for
executing these HITs, and explore a number of questions
that arise in such a system, including:

• What is the HIT equivalent of various relational op-
erations? For example, an equijoin HIT might require
humans to identify equal items, whereas a HIT-based
sort can use human comparators.

• How many HITs should be generated for a given task?
For example, when sorting, one can generate a HIT
that asks users to score many items, or to simply com-
pare two. How can the system optimize each HIT?

• Given that a large database could result in millions of
HITs, how should the system choose which HITs to
issue? Given that only a fraction of items in a large
database can have HITs generated for them, what is
the proper notion of query correctness?

• How much to charge for a HIT? Higher prices can lead
to faster answers. Can the system adaptively optimize
the price of HITs based on user-specified response time
and budget constraints?

• Who is the right crowdworker for a task? MTurk pro-
vides paid workers, but an enterprise might prefer ex-
pert workers, and an operation with a tight budget
might look for non-monetary incentives.

2. MOTIVATING EXAMPLES

Here is a list of tasks that Qurk should be able to run:
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ABSTRACT
Some queries cannot be answered by machines only. Processing
such queries requires human input for providing information that is
missing from the database, for performing computationally difficult
functions, and for matching, ranking, or aggregating results based
on fuzzy criteria. CrowdDB uses human input via crowdsourcing
to process queries that neither database systems nor search engines
can adequately answer. It uses SQL both as a language for pos-
ing complex queries and as a way to model data. While CrowdDB
leverages many aspects of traditional database systems, there are
also important differences. Conceptually, a major change is that
the traditional closed-world assumption for query processing does
not hold for human input. From an implementation perspective,
human-oriented query operators are needed to solicit, integrate and
cleanse crowdsourced data. Furthermore, performance and cost de-
pend on a number of new factors including worker affinity, train-
ing, fatigue, motivation and location. We describe the design of
CrowdDB, report on an initial set of experiments using Amazon
Mechanical Turk, and outline important avenues for future work in
the development of crowdsourced query processing systems.

Categories and Subject Descriptors
H.2.4 [Database Management]: Systems

General Terms
Human Factors, Languages, Design, Performance

1. INTRODUCTION
Relational database systems have achieved widespread adoption,

not only in the business environments for which they were origi-
nally envisioned, but also for many other types of structured data,
such as personal, social, and even scientific information. Still, as
data creation and use become increasingly democratized through
web, mobile and other technologies, the limitations of the tech-
nology are becoming more apparent. RDBMSs make several key
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assumptions about the correctness, completeness and unambiguity
of the data they store. When these assumptions fail to hold, rela-
tional systems will return incorrect or incomplete answers to user
questions, if they return any answers at all.

1.1 Power to the People
One obvious situation where existing systems produce wrong an-

swers is when they are missing information required for answering
the question. For example, the query:

SELECT market_capitalization FROM company
WHERE name = "I.B.M.";

will return an empty answer if the company table instance in the
database at that time does not contain a record for “I.B.M.”. Of
course, in reality, there are many reasons why such a record may be
missing. For example, a data entry mistake may have omitted the
I.B.M. record or the record may have been inadvertently deleted.
Another possibility is that the record was entered incorrectly, say,
as “I.B.N.”

Traditional systems can erroneously return an empty result even
when no errors are made. For example, if the record was entered
correctly, but the name used was “International Business Machines”
rather than “I.B.M.” This latter “entity resolution” problem is not
due to an error but is simply an artifact of having multiple ways to
refer to the same real-world entity.

There are two fundamental problems at work here. First, rela-
tional database systems are based on the “Closed World Assump-
tion”: information that is not in the database is considered to be
false or non-existent. Second, relational databases are extremely
literal. They expect that data has been properly cleaned and val-
idated before entry and do not natively tolerate inconsistencies in
data or queries.

As another example, consider a query to find the best among a
collection of images to use in a motivational slide show:

SELECT image FROM picture
WHERE topic = "Business Success"
ORDER BY relevance LIMIT 1;

In this case, unless the relevance of pictures to specific topics has
been previously obtained and stored, there is simply no good way
to ask this question of a standard RDBMS. The issue here is one
of judgement: one cannot reliably answer the question simply by
applying relational operators on the database.

All of the above queries, however, while unanswerable by to-
day’s relational database systems, could easily be answered by peo-
ple, especially people who have access to the Internet.
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ABSTRACT

Crowdsourcing enables programmers to incorporate “human com-
putation” as a building block in algorithms that cannot be fully
automated, such as text analysis and image recognition. Simi-
larly, humans can be used as a building block in data-intensive
applications—providing, comparing, and verifying data used by
applications. Building upon the decades-long success of declara-
tive approaches to conventional data management, we use a similar
approach for data-intensive applications that incorporate humans.
Specifically, declarative queries are posed over stored relational
data as well as data computed on-demand from the crowd, and the
underlying system orchestrates the computation of query answers.

We present Deco, a database system for declarative crowdsourc-
ing. We describe Deco’s data model, query language, and our pro-
totype. Deco’s data model was designed to be general (it can be
instantiated to other proposed models), flexible (it allows methods
for data cleansing and external access to be plugged in), and prin-
cipled (it has a precisely-defined semantics). Syntactically, Deco’s
query language is a simple extension to SQL. Based on Deco’s data
model, we define a precise semantics for arbitrary queries involv-
ing both stored data and data obtained from the crowd. We then
describe the Deco query processor which uses a novel push-pull
hybrid execution model to respect the Deco semantics while coping
with the unique combination of latency, monetary cost, and uncer-
tainty introduced in the crowdsourcing environment. Finally, we
experimentally explore the query processing alternatives provided
by Deco using our current prototype.

Categories and Subject Descriptors

H.2.1 [Database Management]: Logical Design—data models;
H.2.3 [Database Management]: Languages—query languages
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1. INTRODUCTION

Crowdsourcing [7, 26] uses human workers to capture or gener-
ate data on demand and/or to classify, rank, label or enhance ex-
isting data. Often, the tasks performed by humans are hard for a
computer to do, e.g., rating a new restaurant or identifying features
of interest in a video. We can view the human-generated data as
a data source, so naturally one would like to seamlessly integrate
the crowd data source with other conventional sources, so the end
user can interact with a single, unified database. And naturally one
would like a declarative system, where the end user describes the
needs, and the system dynamically figures out what and how to
obtain crowd data, and how it must be integrated with other data.
This overall vision, and the underlying issues and challenges, were
outlined in our earlier paper [23].

In this paper, we realize our earlier vision to present Deco (short
for “declarative crowdsourcing”), a database system that answers
declarative queries posed over stored relational data, the collective
knowledge of the crowd, as well as other external data sources. Our
goal is to make Deco appear to the end user as similar as possible to
a conventional database system (a relational one in our case), while
hiding many of the complexities of dealing with humans as data
sources (e.g., breaking down large tasks into smaller ones, posting
tasks to a marketplace and pricing them, dealing with latency, and
handling errors and inconsistencies in human-provided data).

We describe the Deco data model, the query language and se-
mantics, and the query processor.

While the idea of declarative access to crowd data is appealing
and natural, there are significant challenges to address:

• How do we resolve disagreeing human opinions? For in-
stance, if we collect five ratings for a movie, we may want
to give the end user the average, but if we collect five phone
numbers, we may want to instead eliminate duplicates. How
does the schema designer (or DBA) specify what to do, and
when during query execution do we resolve the opinions?

• How does the database system interact with the human work-
ers (the crowd)? For instance, to get restaurant information,
we may want Deco to give the worker the name of a restau-
rant (e.g., “Bouchon”), and ask for its cuisine. But in other
cases Deco may want to give the worker the cuisine (e.g.,
“French”), and ask for restaurants serving that cuisine. Or
Deco may ask for cuisine and rating given the name of a
restaurant. How does the schema designer define the avail-
able options, which we can view as different “access meth-
ods”? Are there restrictions on the access methods that can
be defined? And how does Deco decide what access method
to use for a given query? How do we enable Deco to use
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ABSTRACT

Amazon’s Mechanical Turk (“MTurk”) service allows users
to post short tasks (“HITs”) that other users can receive
a small amount of money for completing. Common tasks
on the system include labelling a collection of images, com-
bining two sets of images to identify people which appear in
both, or extracting sentiment from a corpus of text snippets.
Designing a workflow of various kinds of HITs for filtering,
aggregating, sorting, and joining data sources together is
common, and comes with a set of challenges in optimizing
the cost per HIT, the overall time to task completion, and
the accuracy of MTurk results. We propose Qurk, a novel
query system for managing these workflows, allowing crowd-
powered processing of relational databases. We describe a
number of query execution and optimization challenges, and
discuss some potential solutions.

1. INTRODUCTION

Amazon’s Mechanical Turk service (https://www.mturk.
com/mturk/welcome) (“MTurk”) allows users to post short
tasks (“HITs”) that other users (“turkers”) can receive a
small amount of money for completing. A HIT creator speci-
fies how much he or she will pay for a completed task. Exam-
ple HITs involve compiling some information from the web,
labeling the subject of an image, or comparing two docu-
ments. More complicated tasks, such as ranking a set of ten
items or completing a survey are also possible. MTurk is
used widely to perform data analysis tasks which are either
easier to express to humans than to computers, or for which
there aren’t yet e↵ective artificial intelligence algorithms.

Task prices vary from a few cents ($.01-$.02/HIT is a com-
mon price) to several dollars for completing a survey. MTurk
has around 100,000-300,000 HITs posted at any time (http:
//mturk-tracker.com/general/). Novel uses of MTurk in-
clude matching earthquake survivor pictures with missing
persons in Haiti (http://app.beextra.org/mission/show/
missionid/605/mode/do), authoring a picture book (http:
//bjoern.org/projects/catbook/), and embedding turk-
ers as editors into a word processing system [2].

From the point of view of a database system, crowd-
powered tasks can be seen as operators—similar to user-
defined functions—that are invoked as a part of query pro-
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cessing. For example, given a database storing a table of
images, a user might want to query for images of flowers,
generating a HIT per image to have turkers perform the fil-
ter task. Several challenes arise in processing such a work-
flow. First, each HIT can take minutes to return, requiring
an asynchronous query executor. Second, in addition to con-
sidering time, a crowdworker-aware optimizer must consider
monetary cost and result accuracy. Finally, the selectivity of
operators can not be predicted a priori, requiring an adap-
tive approach to query processing.

In this paper, we propose Qurk, a crowdworker-aware
database system which addresses these challenges. Qurk
can issue HITs that extract, order, filter, and join complex
datatypes, such as images and large text blobs. While we de-
scribe Qurk here using the language of MTurk (turkers and
HITs), and our initial prototype runs on MTurk, we aim for
Qurk to be crowd-platform-independent. Future versions of
Qurk will compile tasks for di↵erent kinds of crowds with
di↵erent interfaces and incentive systems. Qurk is a new
system in active development; we describe our vision for the
system, propose a high level sketch of a UDF-like syntax for
executing these HITs, and explore a number of questions
that arise in such a system, including:

• What is the HIT equivalent of various relational op-
erations? For example, an equijoin HIT might require
humans to identify equal items, whereas a HIT-based
sort can use human comparators.

• How many HITs should be generated for a given task?
For example, when sorting, one can generate a HIT
that asks users to score many items, or to simply com-
pare two. How can the system optimize each HIT?

• Given that a large database could result in millions of
HITs, how should the system choose which HITs to
issue? Given that only a fraction of items in a large
database can have HITs generated for them, what is
the proper notion of query correctness?

• How much to charge for a HIT? Higher prices can lead
to faster answers. Can the system adaptively optimize
the price of HITs based on user-specified response time
and budget constraints?

• Who is the right crowdworker for a task? MTurk pro-
vides paid workers, but an enterprise might prefer ex-
pert workers, and an operation with a tight budget
might look for non-monetary incentives.

2. MOTIVATING EXAMPLES

Here is a list of tasks that Qurk should be able to run:
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ABSTRACT
Some queries cannot be answered by machines only. Processing
such queries requires human input for providing information that is
missing from the database, for performing computationally difficult
functions, and for matching, ranking, or aggregating results based
on fuzzy criteria. CrowdDB uses human input via crowdsourcing
to process queries that neither database systems nor search engines
can adequately answer. It uses SQL both as a language for pos-
ing complex queries and as a way to model data. While CrowdDB
leverages many aspects of traditional database systems, there are
also important differences. Conceptually, a major change is that
the traditional closed-world assumption for query processing does
not hold for human input. From an implementation perspective,
human-oriented query operators are needed to solicit, integrate and
cleanse crowdsourced data. Furthermore, performance and cost de-
pend on a number of new factors including worker affinity, train-
ing, fatigue, motivation and location. We describe the design of
CrowdDB, report on an initial set of experiments using Amazon
Mechanical Turk, and outline important avenues for future work in
the development of crowdsourced query processing systems.

Categories and Subject Descriptors
H.2.4 [Database Management]: Systems

General Terms
Human Factors, Languages, Design, Performance

1. INTRODUCTION
Relational database systems have achieved widespread adoption,

not only in the business environments for which they were origi-
nally envisioned, but also for many other types of structured data,
such as personal, social, and even scientific information. Still, as
data creation and use become increasingly democratized through
web, mobile and other technologies, the limitations of the tech-
nology are becoming more apparent. RDBMSs make several key
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assumptions about the correctness, completeness and unambiguity
of the data they store. When these assumptions fail to hold, rela-
tional systems will return incorrect or incomplete answers to user
questions, if they return any answers at all.

1.1 Power to the People
One obvious situation where existing systems produce wrong an-

swers is when they are missing information required for answering
the question. For example, the query:

SELECT market_capitalization FROM company
WHERE name = "I.B.M.";

will return an empty answer if the company table instance in the
database at that time does not contain a record for “I.B.M.”. Of
course, in reality, there are many reasons why such a record may be
missing. For example, a data entry mistake may have omitted the
I.B.M. record or the record may have been inadvertently deleted.
Another possibility is that the record was entered incorrectly, say,
as “I.B.N.”

Traditional systems can erroneously return an empty result even
when no errors are made. For example, if the record was entered
correctly, but the name used was “International Business Machines”
rather than “I.B.M.” This latter “entity resolution” problem is not
due to an error but is simply an artifact of having multiple ways to
refer to the same real-world entity.

There are two fundamental problems at work here. First, rela-
tional database systems are based on the “Closed World Assump-
tion”: information that is not in the database is considered to be
false or non-existent. Second, relational databases are extremely
literal. They expect that data has been properly cleaned and val-
idated before entry and do not natively tolerate inconsistencies in
data or queries.

As another example, consider a query to find the best among a
collection of images to use in a motivational slide show:

SELECT image FROM picture
WHERE topic = "Business Success"
ORDER BY relevance LIMIT 1;

In this case, unless the relevance of pictures to specific topics has
been previously obtained and stored, there is simply no good way
to ask this question of a standard RDBMS. The issue here is one
of judgement: one cannot reliably answer the question simply by
applying relational operators on the database.

All of the above queries, however, while unanswerable by to-
day’s relational database systems, could easily be answered by peo-
ple, especially people who have access to the Internet.
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ABSTRACT

Crowdsourcing enables programmers to incorporate “human com-
putation” as a building block in algorithms that cannot be fully
automated, such as text analysis and image recognition. Simi-
larly, humans can be used as a building block in data-intensive
applications—providing, comparing, and verifying data used by
applications. Building upon the decades-long success of declara-
tive approaches to conventional data management, we use a similar
approach for data-intensive applications that incorporate humans.
Specifically, declarative queries are posed over stored relational
data as well as data computed on-demand from the crowd, and the
underlying system orchestrates the computation of query answers.

We present Deco, a database system for declarative crowdsourc-
ing. We describe Deco’s data model, query language, and our pro-
totype. Deco’s data model was designed to be general (it can be
instantiated to other proposed models), flexible (it allows methods
for data cleansing and external access to be plugged in), and prin-
cipled (it has a precisely-defined semantics). Syntactically, Deco’s
query language is a simple extension to SQL. Based on Deco’s data
model, we define a precise semantics for arbitrary queries involv-
ing both stored data and data obtained from the crowd. We then
describe the Deco query processor which uses a novel push-pull
hybrid execution model to respect the Deco semantics while coping
with the unique combination of latency, monetary cost, and uncer-
tainty introduced in the crowdsourcing environment. Finally, we
experimentally explore the query processing alternatives provided
by Deco using our current prototype.

Categories and Subject Descriptors

H.2.1 [Database Management]: Logical Design—data models;
H.2.3 [Database Management]: Languages—query languages
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1. INTRODUCTION

Crowdsourcing [7, 26] uses human workers to capture or gener-
ate data on demand and/or to classify, rank, label or enhance ex-
isting data. Often, the tasks performed by humans are hard for a
computer to do, e.g., rating a new restaurant or identifying features
of interest in a video. We can view the human-generated data as
a data source, so naturally one would like to seamlessly integrate
the crowd data source with other conventional sources, so the end
user can interact with a single, unified database. And naturally one
would like a declarative system, where the end user describes the
needs, and the system dynamically figures out what and how to
obtain crowd data, and how it must be integrated with other data.
This overall vision, and the underlying issues and challenges, were
outlined in our earlier paper [23].

In this paper, we realize our earlier vision to present Deco (short
for “declarative crowdsourcing”), a database system that answers
declarative queries posed over stored relational data, the collective
knowledge of the crowd, as well as other external data sources. Our
goal is to make Deco appear to the end user as similar as possible to
a conventional database system (a relational one in our case), while
hiding many of the complexities of dealing with humans as data
sources (e.g., breaking down large tasks into smaller ones, posting
tasks to a marketplace and pricing them, dealing with latency, and
handling errors and inconsistencies in human-provided data).

We describe the Deco data model, the query language and se-
mantics, and the query processor.

While the idea of declarative access to crowd data is appealing
and natural, there are significant challenges to address:

• How do we resolve disagreeing human opinions? For in-
stance, if we collect five ratings for a movie, we may want
to give the end user the average, but if we collect five phone
numbers, we may want to instead eliminate duplicates. How
does the schema designer (or DBA) specify what to do, and
when during query execution do we resolve the opinions?

• How does the database system interact with the human work-
ers (the crowd)? For instance, to get restaurant information,
we may want Deco to give the worker the name of a restau-
rant (e.g., “Bouchon”), and ask for its cuisine. But in other
cases Deco may want to give the worker the cuisine (e.g.,
“French”), and ask for restaurants serving that cuisine. Or
Deco may ask for cuisine and rating given the name of a
restaurant. How does the schema designer define the avail-
able options, which we can view as different “access meth-
ods”? Are there restrictions on the access methods that can
be defined? And how does Deco decide what access method
to use for a given query? How do we enable Deco to use
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ABSTRACT

Amazon’s Mechanical Turk (“MTurk”) service allows users
to post short tasks (“HITs”) that other users can receive
a small amount of money for completing. Common tasks
on the system include labelling a collection of images, com-
bining two sets of images to identify people which appear in
both, or extracting sentiment from a corpus of text snippets.
Designing a workflow of various kinds of HITs for filtering,
aggregating, sorting, and joining data sources together is
common, and comes with a set of challenges in optimizing
the cost per HIT, the overall time to task completion, and
the accuracy of MTurk results. We propose Qurk, a novel
query system for managing these workflows, allowing crowd-
powered processing of relational databases. We describe a
number of query execution and optimization challenges, and
discuss some potential solutions.

1. INTRODUCTION

Amazon’s Mechanical Turk service (https://www.mturk.
com/mturk/welcome) (“MTurk”) allows users to post short
tasks (“HITs”) that other users (“turkers”) can receive a
small amount of money for completing. A HIT creator speci-
fies how much he or she will pay for a completed task. Exam-
ple HITs involve compiling some information from the web,
labeling the subject of an image, or comparing two docu-
ments. More complicated tasks, such as ranking a set of ten
items or completing a survey are also possible. MTurk is
used widely to perform data analysis tasks which are either
easier to express to humans than to computers, or for which
there aren’t yet e↵ective artificial intelligence algorithms.

Task prices vary from a few cents ($.01-$.02/HIT is a com-
mon price) to several dollars for completing a survey. MTurk
has around 100,000-300,000 HITs posted at any time (http:
//mturk-tracker.com/general/). Novel uses of MTurk in-
clude matching earthquake survivor pictures with missing
persons in Haiti (http://app.beextra.org/mission/show/
missionid/605/mode/do), authoring a picture book (http:
//bjoern.org/projects/catbook/), and embedding turk-
ers as editors into a word processing system [2].

From the point of view of a database system, crowd-
powered tasks can be seen as operators—similar to user-
defined functions—that are invoked as a part of query pro-
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cessing. For example, given a database storing a table of
images, a user might want to query for images of flowers,
generating a HIT per image to have turkers perform the fil-
ter task. Several challenes arise in processing such a work-
flow. First, each HIT can take minutes to return, requiring
an asynchronous query executor. Second, in addition to con-
sidering time, a crowdworker-aware optimizer must consider
monetary cost and result accuracy. Finally, the selectivity of
operators can not be predicted a priori, requiring an adap-
tive approach to query processing.

In this paper, we propose Qurk, a crowdworker-aware
database system which addresses these challenges. Qurk
can issue HITs that extract, order, filter, and join complex
datatypes, such as images and large text blobs. While we de-
scribe Qurk here using the language of MTurk (turkers and
HITs), and our initial prototype runs on MTurk, we aim for
Qurk to be crowd-platform-independent. Future versions of
Qurk will compile tasks for di↵erent kinds of crowds with
di↵erent interfaces and incentive systems. Qurk is a new
system in active development; we describe our vision for the
system, propose a high level sketch of a UDF-like syntax for
executing these HITs, and explore a number of questions
that arise in such a system, including:

• What is the HIT equivalent of various relational op-
erations? For example, an equijoin HIT might require
humans to identify equal items, whereas a HIT-based
sort can use human comparators.

• How many HITs should be generated for a given task?
For example, when sorting, one can generate a HIT
that asks users to score many items, or to simply com-
pare two. How can the system optimize each HIT?

• Given that a large database could result in millions of
HITs, how should the system choose which HITs to
issue? Given that only a fraction of items in a large
database can have HITs generated for them, what is
the proper notion of query correctness?

• How much to charge for a HIT? Higher prices can lead
to faster answers. Can the system adaptively optimize
the price of HITs based on user-specified response time
and budget constraints?

• Who is the right crowdworker for a task? MTurk pro-
vides paid workers, but an enterprise might prefer ex-
pert workers, and an operation with a tight budget
might look for non-monetary incentives.

2. MOTIVATING EXAMPLES

Here is a list of tasks that Qurk should be able to run:
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ABSTRACT
Some queries cannot be answered by machines only. Processing
such queries requires human input for providing information that is
missing from the database, for performing computationally difficult
functions, and for matching, ranking, or aggregating results based
on fuzzy criteria. CrowdDB uses human input via crowdsourcing
to process queries that neither database systems nor search engines
can adequately answer. It uses SQL both as a language for pos-
ing complex queries and as a way to model data. While CrowdDB
leverages many aspects of traditional database systems, there are
also important differences. Conceptually, a major change is that
the traditional closed-world assumption for query processing does
not hold for human input. From an implementation perspective,
human-oriented query operators are needed to solicit, integrate and
cleanse crowdsourced data. Furthermore, performance and cost de-
pend on a number of new factors including worker affinity, train-
ing, fatigue, motivation and location. We describe the design of
CrowdDB, report on an initial set of experiments using Amazon
Mechanical Turk, and outline important avenues for future work in
the development of crowdsourced query processing systems.

Categories and Subject Descriptors
H.2.4 [Database Management]: Systems

General Terms
Human Factors, Languages, Design, Performance

1. INTRODUCTION
Relational database systems have achieved widespread adoption,

not only in the business environments for which they were origi-
nally envisioned, but also for many other types of structured data,
such as personal, social, and even scientific information. Still, as
data creation and use become increasingly democratized through
web, mobile and other technologies, the limitations of the tech-
nology are becoming more apparent. RDBMSs make several key
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assumptions about the correctness, completeness and unambiguity
of the data they store. When these assumptions fail to hold, rela-
tional systems will return incorrect or incomplete answers to user
questions, if they return any answers at all.

1.1 Power to the People
One obvious situation where existing systems produce wrong an-

swers is when they are missing information required for answering
the question. For example, the query:

SELECT market_capitalization FROM company
WHERE name = "I.B.M.";

will return an empty answer if the company table instance in the
database at that time does not contain a record for “I.B.M.”. Of
course, in reality, there are many reasons why such a record may be
missing. For example, a data entry mistake may have omitted the
I.B.M. record or the record may have been inadvertently deleted.
Another possibility is that the record was entered incorrectly, say,
as “I.B.N.”

Traditional systems can erroneously return an empty result even
when no errors are made. For example, if the record was entered
correctly, but the name used was “International Business Machines”
rather than “I.B.M.” This latter “entity resolution” problem is not
due to an error but is simply an artifact of having multiple ways to
refer to the same real-world entity.

There are two fundamental problems at work here. First, rela-
tional database systems are based on the “Closed World Assump-
tion”: information that is not in the database is considered to be
false or non-existent. Second, relational databases are extremely
literal. They expect that data has been properly cleaned and val-
idated before entry and do not natively tolerate inconsistencies in
data or queries.

As another example, consider a query to find the best among a
collection of images to use in a motivational slide show:

SELECT image FROM picture
WHERE topic = "Business Success"
ORDER BY relevance LIMIT 1;

In this case, unless the relevance of pictures to specific topics has
been previously obtained and stored, there is simply no good way
to ask this question of a standard RDBMS. The issue here is one
of judgement: one cannot reliably answer the question simply by
applying relational operators on the database.

All of the above queries, however, while unanswerable by to-
day’s relational database systems, could easily be answered by peo-
ple, especially people who have access to the Internet.
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ABSTRACT

Crowdsourcing enables programmers to incorporate “human com-
putation” as a building block in algorithms that cannot be fully
automated, such as text analysis and image recognition. Simi-
larly, humans can be used as a building block in data-intensive
applications—providing, comparing, and verifying data used by
applications. Building upon the decades-long success of declara-
tive approaches to conventional data management, we use a similar
approach for data-intensive applications that incorporate humans.
Specifically, declarative queries are posed over stored relational
data as well as data computed on-demand from the crowd, and the
underlying system orchestrates the computation of query answers.

We present Deco, a database system for declarative crowdsourc-
ing. We describe Deco’s data model, query language, and our pro-
totype. Deco’s data model was designed to be general (it can be
instantiated to other proposed models), flexible (it allows methods
for data cleansing and external access to be plugged in), and prin-
cipled (it has a precisely-defined semantics). Syntactically, Deco’s
query language is a simple extension to SQL. Based on Deco’s data
model, we define a precise semantics for arbitrary queries involv-
ing both stored data and data obtained from the crowd. We then
describe the Deco query processor which uses a novel push-pull
hybrid execution model to respect the Deco semantics while coping
with the unique combination of latency, monetary cost, and uncer-
tainty introduced in the crowdsourcing environment. Finally, we
experimentally explore the query processing alternatives provided
by Deco using our current prototype.

Categories and Subject Descriptors

H.2.1 [Database Management]: Logical Design—data models;
H.2.3 [Database Management]: Languages—query languages
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1. INTRODUCTION

Crowdsourcing [7, 26] uses human workers to capture or gener-
ate data on demand and/or to classify, rank, label or enhance ex-
isting data. Often, the tasks performed by humans are hard for a
computer to do, e.g., rating a new restaurant or identifying features
of interest in a video. We can view the human-generated data as
a data source, so naturally one would like to seamlessly integrate
the crowd data source with other conventional sources, so the end
user can interact with a single, unified database. And naturally one
would like a declarative system, where the end user describes the
needs, and the system dynamically figures out what and how to
obtain crowd data, and how it must be integrated with other data.
This overall vision, and the underlying issues and challenges, were
outlined in our earlier paper [23].

In this paper, we realize our earlier vision to present Deco (short
for “declarative crowdsourcing”), a database system that answers
declarative queries posed over stored relational data, the collective
knowledge of the crowd, as well as other external data sources. Our
goal is to make Deco appear to the end user as similar as possible to
a conventional database system (a relational one in our case), while
hiding many of the complexities of dealing with humans as data
sources (e.g., breaking down large tasks into smaller ones, posting
tasks to a marketplace and pricing them, dealing with latency, and
handling errors and inconsistencies in human-provided data).

We describe the Deco data model, the query language and se-
mantics, and the query processor.

While the idea of declarative access to crowd data is appealing
and natural, there are significant challenges to address:

• How do we resolve disagreeing human opinions? For in-
stance, if we collect five ratings for a movie, we may want
to give the end user the average, but if we collect five phone
numbers, we may want to instead eliminate duplicates. How
does the schema designer (or DBA) specify what to do, and
when during query execution do we resolve the opinions?

• How does the database system interact with the human work-
ers (the crowd)? For instance, to get restaurant information,
we may want Deco to give the worker the name of a restau-
rant (e.g., “Bouchon”), and ask for its cuisine. But in other
cases Deco may want to give the worker the cuisine (e.g.,
“French”), and ask for restaurants serving that cuisine. Or
Deco may ask for cuisine and rating given the name of a
restaurant. How does the schema designer define the avail-
able options, which we can view as different “access meth-
ods”? Are there restrictions on the access methods that can
be defined? And how does Deco decide what access method
to use for a given query? How do we enable Deco to use
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ABSTRACT

Amazon’s Mechanical Turk (“MTurk”) service allows users
to post short tasks (“HITs”) that other users can receive
a small amount of money for completing. Common tasks
on the system include labelling a collection of images, com-
bining two sets of images to identify people which appear in
both, or extracting sentiment from a corpus of text snippets.
Designing a workflow of various kinds of HITs for filtering,
aggregating, sorting, and joining data sources together is
common, and comes with a set of challenges in optimizing
the cost per HIT, the overall time to task completion, and
the accuracy of MTurk results. We propose Qurk, a novel
query system for managing these workflows, allowing crowd-
powered processing of relational databases. We describe a
number of query execution and optimization challenges, and
discuss some potential solutions.

1. INTRODUCTION

Amazon’s Mechanical Turk service (https://www.mturk.
com/mturk/welcome) (“MTurk”) allows users to post short
tasks (“HITs”) that other users (“turkers”) can receive a
small amount of money for completing. A HIT creator speci-
fies how much he or she will pay for a completed task. Exam-
ple HITs involve compiling some information from the web,
labeling the subject of an image, or comparing two docu-
ments. More complicated tasks, such as ranking a set of ten
items or completing a survey are also possible. MTurk is
used widely to perform data analysis tasks which are either
easier to express to humans than to computers, or for which
there aren’t yet e↵ective artificial intelligence algorithms.

Task prices vary from a few cents ($.01-$.02/HIT is a com-
mon price) to several dollars for completing a survey. MTurk
has around 100,000-300,000 HITs posted at any time (http:
//mturk-tracker.com/general/). Novel uses of MTurk in-
clude matching earthquake survivor pictures with missing
persons in Haiti (http://app.beextra.org/mission/show/
missionid/605/mode/do), authoring a picture book (http:
//bjoern.org/projects/catbook/), and embedding turk-
ers as editors into a word processing system [2].

From the point of view of a database system, crowd-
powered tasks can be seen as operators—similar to user-
defined functions—that are invoked as a part of query pro-
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cessing. For example, given a database storing a table of
images, a user might want to query for images of flowers,
generating a HIT per image to have turkers perform the fil-
ter task. Several challenes arise in processing such a work-
flow. First, each HIT can take minutes to return, requiring
an asynchronous query executor. Second, in addition to con-
sidering time, a crowdworker-aware optimizer must consider
monetary cost and result accuracy. Finally, the selectivity of
operators can not be predicted a priori, requiring an adap-
tive approach to query processing.

In this paper, we propose Qurk, a crowdworker-aware
database system which addresses these challenges. Qurk
can issue HITs that extract, order, filter, and join complex
datatypes, such as images and large text blobs. While we de-
scribe Qurk here using the language of MTurk (turkers and
HITs), and our initial prototype runs on MTurk, we aim for
Qurk to be crowd-platform-independent. Future versions of
Qurk will compile tasks for di↵erent kinds of crowds with
di↵erent interfaces and incentive systems. Qurk is a new
system in active development; we describe our vision for the
system, propose a high level sketch of a UDF-like syntax for
executing these HITs, and explore a number of questions
that arise in such a system, including:

• What is the HIT equivalent of various relational op-
erations? For example, an equijoin HIT might require
humans to identify equal items, whereas a HIT-based
sort can use human comparators.

• How many HITs should be generated for a given task?
For example, when sorting, one can generate a HIT
that asks users to score many items, or to simply com-
pare two. How can the system optimize each HIT?

• Given that a large database could result in millions of
HITs, how should the system choose which HITs to
issue? Given that only a fraction of items in a large
database can have HITs generated for them, what is
the proper notion of query correctness?

• How much to charge for a HIT? Higher prices can lead
to faster answers. Can the system adaptively optimize
the price of HITs based on user-specified response time
and budget constraints?

• Who is the right crowdworker for a task? MTurk pro-
vides paid workers, but an enterprise might prefer ex-
pert workers, and an operation with a tight budget
might look for non-monetary incentives.

2. MOTIVATING EXAMPLES

Here is a list of tasks that Qurk should be able to run:
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ABSTRACT
Some queries cannot be answered by machines only. Processing
such queries requires human input for providing information that is
missing from the database, for performing computationally difficult
functions, and for matching, ranking, or aggregating results based
on fuzzy criteria. CrowdDB uses human input via crowdsourcing
to process queries that neither database systems nor search engines
can adequately answer. It uses SQL both as a language for pos-
ing complex queries and as a way to model data. While CrowdDB
leverages many aspects of traditional database systems, there are
also important differences. Conceptually, a major change is that
the traditional closed-world assumption for query processing does
not hold for human input. From an implementation perspective,
human-oriented query operators are needed to solicit, integrate and
cleanse crowdsourced data. Furthermore, performance and cost de-
pend on a number of new factors including worker affinity, train-
ing, fatigue, motivation and location. We describe the design of
CrowdDB, report on an initial set of experiments using Amazon
Mechanical Turk, and outline important avenues for future work in
the development of crowdsourced query processing systems.

Categories and Subject Descriptors
H.2.4 [Database Management]: Systems

General Terms
Human Factors, Languages, Design, Performance

1. INTRODUCTION
Relational database systems have achieved widespread adoption,

not only in the business environments for which they were origi-
nally envisioned, but also for many other types of structured data,
such as personal, social, and even scientific information. Still, as
data creation and use become increasingly democratized through
web, mobile and other technologies, the limitations of the tech-
nology are becoming more apparent. RDBMSs make several key
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assumptions about the correctness, completeness and unambiguity
of the data they store. When these assumptions fail to hold, rela-
tional systems will return incorrect or incomplete answers to user
questions, if they return any answers at all.

1.1 Power to the People
One obvious situation where existing systems produce wrong an-

swers is when they are missing information required for answering
the question. For example, the query:

SELECT market_capitalization FROM company
WHERE name = "I.B.M.";

will return an empty answer if the company table instance in the
database at that time does not contain a record for “I.B.M.”. Of
course, in reality, there are many reasons why such a record may be
missing. For example, a data entry mistake may have omitted the
I.B.M. record or the record may have been inadvertently deleted.
Another possibility is that the record was entered incorrectly, say,
as “I.B.N.”

Traditional systems can erroneously return an empty result even
when no errors are made. For example, if the record was entered
correctly, but the name used was “International Business Machines”
rather than “I.B.M.” This latter “entity resolution” problem is not
due to an error but is simply an artifact of having multiple ways to
refer to the same real-world entity.

There are two fundamental problems at work here. First, rela-
tional database systems are based on the “Closed World Assump-
tion”: information that is not in the database is considered to be
false or non-existent. Second, relational databases are extremely
literal. They expect that data has been properly cleaned and val-
idated before entry and do not natively tolerate inconsistencies in
data or queries.

As another example, consider a query to find the best among a
collection of images to use in a motivational slide show:

SELECT image FROM picture
WHERE topic = "Business Success"
ORDER BY relevance LIMIT 1;

In this case, unless the relevance of pictures to specific topics has
been previously obtained and stored, there is simply no good way
to ask this question of a standard RDBMS. The issue here is one
of judgement: one cannot reliably answer the question simply by
applying relational operators on the database.

All of the above queries, however, while unanswerable by to-
day’s relational database systems, could easily be answered by peo-
ple, especially people who have access to the Internet.
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ABSTRACT

Crowdsourcing enables programmers to incorporate “human com-
putation” as a building block in algorithms that cannot be fully
automated, such as text analysis and image recognition. Simi-
larly, humans can be used as a building block in data-intensive
applications—providing, comparing, and verifying data used by
applications. Building upon the decades-long success of declara-
tive approaches to conventional data management, we use a similar
approach for data-intensive applications that incorporate humans.
Specifically, declarative queries are posed over stored relational
data as well as data computed on-demand from the crowd, and the
underlying system orchestrates the computation of query answers.

We present Deco, a database system for declarative crowdsourc-
ing. We describe Deco’s data model, query language, and our pro-
totype. Deco’s data model was designed to be general (it can be
instantiated to other proposed models), flexible (it allows methods
for data cleansing and external access to be plugged in), and prin-
cipled (it has a precisely-defined semantics). Syntactically, Deco’s
query language is a simple extension to SQL. Based on Deco’s data
model, we define a precise semantics for arbitrary queries involv-
ing both stored data and data obtained from the crowd. We then
describe the Deco query processor which uses a novel push-pull
hybrid execution model to respect the Deco semantics while coping
with the unique combination of latency, monetary cost, and uncer-
tainty introduced in the crowdsourcing environment. Finally, we
experimentally explore the query processing alternatives provided
by Deco using our current prototype.
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H.2.3 [Database Management]: Languages—query languages
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1. INTRODUCTION

Crowdsourcing [7, 26] uses human workers to capture or gener-
ate data on demand and/or to classify, rank, label or enhance ex-
isting data. Often, the tasks performed by humans are hard for a
computer to do, e.g., rating a new restaurant or identifying features
of interest in a video. We can view the human-generated data as
a data source, so naturally one would like to seamlessly integrate
the crowd data source with other conventional sources, so the end
user can interact with a single, unified database. And naturally one
would like a declarative system, where the end user describes the
needs, and the system dynamically figures out what and how to
obtain crowd data, and how it must be integrated with other data.
This overall vision, and the underlying issues and challenges, were
outlined in our earlier paper [23].

In this paper, we realize our earlier vision to present Deco (short
for “declarative crowdsourcing”), a database system that answers
declarative queries posed over stored relational data, the collective
knowledge of the crowd, as well as other external data sources. Our
goal is to make Deco appear to the end user as similar as possible to
a conventional database system (a relational one in our case), while
hiding many of the complexities of dealing with humans as data
sources (e.g., breaking down large tasks into smaller ones, posting
tasks to a marketplace and pricing them, dealing with latency, and
handling errors and inconsistencies in human-provided data).

We describe the Deco data model, the query language and se-
mantics, and the query processor.

While the idea of declarative access to crowd data is appealing
and natural, there are significant challenges to address:

• How do we resolve disagreeing human opinions? For in-
stance, if we collect five ratings for a movie, we may want
to give the end user the average, but if we collect five phone
numbers, we may want to instead eliminate duplicates. How
does the schema designer (or DBA) specify what to do, and
when during query execution do we resolve the opinions?

• How does the database system interact with the human work-
ers (the crowd)? For instance, to get restaurant information,
we may want Deco to give the worker the name of a restau-
rant (e.g., “Bouchon”), and ask for its cuisine. But in other
cases Deco may want to give the worker the cuisine (e.g.,
“French”), and ask for restaurants serving that cuisine. Or
Deco may ask for cuisine and rating given the name of a
restaurant. How does the schema designer define the avail-
able options, which we can view as different “access meth-
ods”? Are there restrictions on the access methods that can
be defined? And how does Deco decide what access method
to use for a given query? How do we enable Deco to use
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ABSTRACT

Amazon’s Mechanical Turk (“MTurk”) service allows users
to post short tasks (“HITs”) that other users can receive
a small amount of money for completing. Common tasks
on the system include labelling a collection of images, com-
bining two sets of images to identify people which appear in
both, or extracting sentiment from a corpus of text snippets.
Designing a workflow of various kinds of HITs for filtering,
aggregating, sorting, and joining data sources together is
common, and comes with a set of challenges in optimizing
the cost per HIT, the overall time to task completion, and
the accuracy of MTurk results. We propose Qurk, a novel
query system for managing these workflows, allowing crowd-
powered processing of relational databases. We describe a
number of query execution and optimization challenges, and
discuss some potential solutions.

1. INTRODUCTION

Amazon’s Mechanical Turk service (https://www.mturk.
com/mturk/welcome) (“MTurk”) allows users to post short
tasks (“HITs”) that other users (“turkers”) can receive a
small amount of money for completing. A HIT creator speci-
fies how much he or she will pay for a completed task. Exam-
ple HITs involve compiling some information from the web,
labeling the subject of an image, or comparing two docu-
ments. More complicated tasks, such as ranking a set of ten
items or completing a survey are also possible. MTurk is
used widely to perform data analysis tasks which are either
easier to express to humans than to computers, or for which
there aren’t yet e↵ective artificial intelligence algorithms.

Task prices vary from a few cents ($.01-$.02/HIT is a com-
mon price) to several dollars for completing a survey. MTurk
has around 100,000-300,000 HITs posted at any time (http:
//mturk-tracker.com/general/). Novel uses of MTurk in-
clude matching earthquake survivor pictures with missing
persons in Haiti (http://app.beextra.org/mission/show/
missionid/605/mode/do), authoring a picture book (http:
//bjoern.org/projects/catbook/), and embedding turk-
ers as editors into a word processing system [2].

From the point of view of a database system, crowd-
powered tasks can be seen as operators—similar to user-
defined functions—that are invoked as a part of query pro-

This article is published under a Creative Commons Attribution License
(http://creativecommons.org/licenses/by/3.0/), which permits distribution
and reproduction in any medium as well allowing derivative works, pro-
vided that you attribute the original work to the author(s) and CIDR 2011.
CIDR 2011

cessing. For example, given a database storing a table of
images, a user might want to query for images of flowers,
generating a HIT per image to have turkers perform the fil-
ter task. Several challenes arise in processing such a work-
flow. First, each HIT can take minutes to return, requiring
an asynchronous query executor. Second, in addition to con-
sidering time, a crowdworker-aware optimizer must consider
monetary cost and result accuracy. Finally, the selectivity of
operators can not be predicted a priori, requiring an adap-
tive approach to query processing.

In this paper, we propose Qurk, a crowdworker-aware
database system which addresses these challenges. Qurk
can issue HITs that extract, order, filter, and join complex
datatypes, such as images and large text blobs. While we de-
scribe Qurk here using the language of MTurk (turkers and
HITs), and our initial prototype runs on MTurk, we aim for
Qurk to be crowd-platform-independent. Future versions of
Qurk will compile tasks for di↵erent kinds of crowds with
di↵erent interfaces and incentive systems. Qurk is a new
system in active development; we describe our vision for the
system, propose a high level sketch of a UDF-like syntax for
executing these HITs, and explore a number of questions
that arise in such a system, including:

• What is the HIT equivalent of various relational op-
erations? For example, an equijoin HIT might require
humans to identify equal items, whereas a HIT-based
sort can use human comparators.

• How many HITs should be generated for a given task?
For example, when sorting, one can generate a HIT
that asks users to score many items, or to simply com-
pare two. How can the system optimize each HIT?

• Given that a large database could result in millions of
HITs, how should the system choose which HITs to
issue? Given that only a fraction of items in a large
database can have HITs generated for them, what is
the proper notion of query correctness?

• How much to charge for a HIT? Higher prices can lead
to faster answers. Can the system adaptively optimize
the price of HITs based on user-specified response time
and budget constraints?

• Who is the right crowdworker for a task? MTurk pro-
vides paid workers, but an enterprise might prefer ex-
pert workers, and an operation with a tight budget
might look for non-monetary incentives.

2. MOTIVATING EXAMPLES

Here is a list of tasks that Qurk should be able to run:
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Missing Data

Comparison Using Commonsense Knowledge

Multimodal Data



ThalamusDB: Approximate �ery Processing on Multi-Modal
Data
SAEHAN JO, Cornell University, USA
IMMANUEL TRUMMER, Cornell University, USA

We introduce ThalamusDB, a novel approximate query processing system that processes complex SQL queries
on multi-modal data. ThalamusDB supports SQL queries integrating natural language predicates on visual,
audio, and text data. To answer such queries, ThalamusDB exploits a collection of zero-shot models in
combination with relational processing. ThalamusDB utilizes deterministic approximate query processing,
harnessing the relative e�ciency of relational processing to mitigate the computational demands of machine
learning inference. For evaluating a natural language predicate, ThalamusDB requests a small number of
labels from users. User can specify their preferences on the performance objective regarding the three relevant
metrics: approximation error, computation time, and labeling overheads. The ThalamusDB query optimizer
chooses optimized plans according to user preferences, prioritizing data processing and requested labels to
maximize impact. Experiments with several real-world data sets, taken from Craigslist, YouTube, and Net�ix,
show that ThalamusDB achieves an average speedup of 35.0⇥ over MindsDB, an exact processing baseline,
and outperforms ABAE, a sampling-based method, in 78.9% of cases.

CCS Concepts: • Information systems!Online analytical processing engines;Datamodel extensions;
• Computing methodologies! Machine learning.

Additional Key Words and Phrases: query processing, multi-modal data, neural models
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1 INTRODUCTION
Prior work has introduced systems that integrate machine learning with databases, such as
MindsDB [30] and EvaDB [17]. Using large neural models, these systems enable users to handle
multi-modal data within a uni�ed framework. In this context, the primary challenge in processing
queries on multi-modal data is the computational cost associated with model inference, as shown
in Figure 1. Processing large amounts of multi-modal data is very expensive and becomes the
dominant factor in query processing. This processing overhead underscores the need for a more
e�cient solution. Hence, we introduce ThalamusDB, an approximate query processing (AQP)
system designed for complex queries on multi-modal data. The code of ThalamusDB is available at
https://github.com/saehanjo/thalamusdb.
ThalamusDB supports retrieval and aggregation queries (with joins) that integrate natural

language predicates onmulti-modal data. It supports an extended, relational data model, introducing
specialized column types to integrate picture and audio data. Queries are formulated using an SQL
dialect that supports predicates, formulated in natural language on text, picture, or audio data

Authors’ Contact Information: Saehan Jo, Cornell University, Ithaca, New York, USA, sj683@cornell.edu; Immanuel Trummer,
Cornell University, Ithaca, New York, USA, itrummer@cornell.edu.

Permission to make digital or hard copies of all or part of this work for personal or classroom use is granted without fee
provided that copies are not made or distributed for pro�t or commercial advantage and that copies bear this notice and the
full citation on the �rst page. Copyrights for components of this work owned by others than the author(s) must be honored.
Abstracting with credit is permitted. To copy otherwise, or republish, to post on servers or to redistribute to lists, requires
prior speci�c permission and/or a fee. Request permissions from permissions@acm.org.
© 2024 Copyright held by the owner/author(s). Publication rights licensed to ACM.
ACM 2836-6573/2024/6-ART186
https://doi.org/10.1145/3654989

Proc. ACM Manag. Data, Vol. 2, No. 3 (SIGMOD), Article 186. Publication date: June 2024.

Palimpzest: Optimizing AI-Powered Analytics with Declarative

Query Processing

Chunwei Liu*, Matthew Russo*, Michael Cafarella,
Lei Cao†, Peter Baile Chen, Zui Chen, Michael Franklin‡,

Tim Kraska, Samuel Madden, Rana Shahout¦, Gerardo Vitagliano
*MIT, † University of Arizona, ‡ University of Chicago, ¦ Harvard University

chunwei,mdrusso,michjc,madden,gerarvit@csail.mit.edu, peterbc,chenz429,kraska@mit.edu,
caolei@arizona.edu, mjfranklin@uchicago.edu, rana@seas.harvard.edu

ABSTRACT

A long-standing goal of data management systems has been to build
systems which can compute quantitative insights over large collec-
tions of unstructured data in a cost-effective manner. Until recently, it
was difficult and expensive to extract facts from company documents,
data from scientific papers, or metrics from image and video corpora.
Today’s models can accomplish these tasks with high accuracy. How-
ever, a programmer who wants to answer a substantive AI-powered
query must orchestrate large numbers of models, prompts, and data
operations. In this paper, we present PALIMPZEST, a system that
enables programmers to pose AI-powered analytical queries over
arbitrary collections of unstructured data in a simple declarative
language. The system uses a cost optimization framework — which
explores the search space of AI models, prompting techniques, and
related foundation model optimizations. PALIMPZEST implements
the query while navigating the trade-offs between runtime, financial
cost, and output data quality. We introduce a novel language for AI-
powered analytics tasks, the optimization methods that PALIMPZEST
uses, and the prototype system itself. We evaluate PALIMPZEST on a
real-world workload. Our system produces plans that are up to 3.3x
faster and 2.9x cheaper than a baseline method when using a single-
thread setup, while also achieving superior F1-scores. PALIMPZEST
applies its optimizations automatically, requiring no additional work
from the user.

1 INTRODUCTION

Advances in AI models have driven progress in applications such
as question answering [11, 25], chatbots [5], autonomous agents
[17, 18], and code synthesis [7, 9]. In many cases, these systems
have evolved far beyond posing a simple question to a chat model:
they are compound AI systems [24] that combine elements of data
processing, such as Retrieval Augmented Generation (RAG); ensem-
bles of different models; multi-step chain-of-thought reasoning; and
in many cases, cloud-based modules. It is easy for the runtime, cost,
and complexity of these AI systems to escalate quickly, particularly
when applied to large collections of documents.

The performance gap between traditional data processing compo-
nents and AI-powered components is profound. Naively scaling AI
systems to process workloads with thousands or millions of inputs

This paper is published under the Creative Commons Attribution 4.0 International (CC-
BY 4.0) license. Authors reserve their rights to disseminate the work on their personal
and corporate Web sites with the appropriate attribution, provided that you attribute the
original work to the authors and CIDR 2025. 15th Annual Conference on Innovative
Data Systems Research (CIDR ’25). January 19-22, Amsterdam, The Netherlands

requires spending a large amount of runtime and money execut-
ing high-end AI models. For instance, a high-quality open source
LLM on a modern GPU processes about 100-125 tokens per second,
yielding a throughput of less than 1 KB per second, assuming that
each token averages 5 bytes. OpenAI’s GPT-4o mini model costs
15 cents for 1M input tokens, equivalent to processing 5MB of data.
These numbers are many orders of magnitude worse than any other
component of the modern data processing stack, such as storage,
network bandwidth, SQL query processing time, and so on. Thus,
optimizing the use of AI components is crucial. Meanwhile, current
AI infrastructure is in tremendous technical flux. New models and
implementation techniques are published weekly, while model costs
and runtimes change frequently. Harnessing the latest advances in
model runtime, cost, and quality is complex, error-prone, and re-
quires developers of AI applications to constantly rewrite and retune
their systems.

AI engineers face a variety of technical decisions, including opti-
mizing prompt wording and strategy (e.g. chain-of-thought, ReAct
[23]), selecting the best model for each subtask while balancing
time, cost and quality, and deciding on the best implementation
approach for each subtask (e.g. using a foundation model query,
synthesized code, locally trained model, or a mixture of agents [20]).
Additionally, engineers must manage GPU cache and memory uti-
lization, handle LLM context limits, design efficient execution plans
for scaling to larger datasets, and integrate parallelized components
for optimal system efficiency. Decisions on integration with external
data systems also require careful parameter selection to achieve the
best trade-offs between speed, cost, and quality.

The space of possible decisions is vast, and choosing wisely de-
pends on low-level details of the exact task. Moreover, the definition
of "best" can change over time: a developer might prefer "cheap
and low-quality" execution when quickly testing initial proof-of-
concept ideas, then switch to "costly but high-quality" for customer
deployment. Finally, the changing technical landscape means that
the optimization choices made today might be obsolete tomorrow.

Our Goal: The key insight is that machines, not human engi-
neers, should decide how best to optimize AI applications. Engineers
should be able to write AI programs at a high level of abstraction
and rely on an optimizer to find a physical implementation that best
fits their use case. This concept echoes the circumstances that led to
the creation of the relational database query optimizer in the 1970s
— a period marked by the need for performance enhancements amid
significant technological shifts. While today’s technical challenges
differ, the principle of declarative program optimization remains
profoundly relevant.

Semantic Operators: A Declarative Model for Rich, AI-based Data
Processing

Liana Patel†, Siddharth Jha‡, Melissa Pan‡, Harshit Gupta†, Parth Asawa‡,
Carlos Guestrin†, Matei Zaharia‡
† Stanford University, ‡ UC Berkeley

Correspondence: lianapat@stanford.edu
LOTUS Repository and Tutorials

ABSTRACT
The semantic capabilities of large language models (LLMs) have the
potential to enable rich analytics and reasoning over vast knowl-
edge corpora. Unfortunately, existing systems either empirically
optimize expensive LLM-powered operations with no performance
guarantees, or serve a limited set of row-wise LLM operations, pro-
viding limited robustness, expressiveness and usability. We intro-
duce semantic operators, the �rst formalism for declarative and
general-purpose AI-based transformations based on natural lan-
guage speci�cations (e.g., �ltering, sorting, joining or aggregating
records using natural language criteria). Each operator opens a rich
space for execution plans, similar to relational operators. Our model
speci�es the expected behavior of each operator with a high-quality
gold algorithm, and we develop an optimization framework that
reduces cost, while providing accuracy guarantees with respect to
a gold algorithm. Using this approach, we propose several novel
optimizations to accelerate semantic �ltering, joining, group-by
and top-k operations by up to 1, 000⇥. We implement semantic
operators in the LOTUS system and demonstrate LOTUS’ e�ec-
tiveness on real, bulk-semantic processing applications, including
fact-checking, biomedical multi-label classi�cation, search, and
topic analysis. We show that the semantic operator model is expres-
sive, capturing state-of-the-art AI pipelines in a few operator calls,
and making it easy to express new pipelines that match or exceed
quality of recent LLM-based analytic systems by up to 170%, while
o�ering accuracy guarantees. Overall, LOTUS programs match or
exceed the accuracy of state-of-the-art AI pipelines for each task
while running up to 3.6⇥ faster than the highest-quality baselines.
LOTUS is publicly available at https://github.com/lotus-data/lotus.

1 INTRODUCTION
The powerful semantic capabilities of modern language models
(LLMs) create exciting opportunities for building AI-based ana-
lytics systems that reason over vast knowledge corpora. Many
applications require complex reasoning over large amounts of data,
including both unstructured and structured data. For example a re-
searcher reviewing recent ArXiv [2] preprints may want to quickly
obtain a summary of relevant papers from the past week, or �nd
the papers that report the best performance for a particular task
and dataset. Similarly, a medical professional may automatically
extract biomedical characteristics and candidate diagnoses from
many patient reports [29]. Likewise, organizations wish to automat-
ically digest lengthy transcripts from internal meeting transcripts
and chat histories to validate hypotheses about their business [4].

Figure 1: Execution time (y-axis) and accuracy, shown in parenthe-
ses, for 3 fact-checking implementations: (i) FacTool [23], a recent
state-of-the-art research work, (ii) a short, un-optimized LOTUS pro-
gram, and (iii) the same LOTUS program optimized with accuracy
guarantees. Section 5 provides our full methodology.

Each of these tasks require a form of bulk semantic processing,
where the analytics system must process large amounts of data and
apply semantic-based analysis across a whole dataset. Supporting
the full generality of these applications with e�cient and easy-to-
use analytics systems would have a transformative impact, similar
to what RDBMSes had for tabular data. This prospect, however,
raises two challenging questions: �rst, how should developers express
semantic queries, and secondly, how should we design the underlying
analytics system to achieve high e�ciency and accuracy.

Unfortunately, existing systems are insu�cient for bulk semantic
processing, either limiting their expressiveness to row-wise LLM ex-
ecution models or focusing on empirical optimizations without any
formalism or accuracy guarantees, leading to unexpected behav-
iors and frequent failures. First, several systems provide logically
row-wise LLM operators, either in the form of a general-purpose
AI user-de�ned functions (UDF) [1, 8, 9, 14, 49, 53, 67] or special-
ized row-wise operators [46, 47, 50] for speci�c applications, such
as conversational chat, data cleaning and extract-transform-load
(ETL) tasks. These programming models fail to support a range of
LLM-based transformations across rows, such as ranking, grouping
or joining records. Alternatively, more recent LLM-based analytics
systems, such as DocETL [61] and UQE [25], empirically optimize
LLM-based operationswith no accuracy guarantees, lacking any for-
malism to de�ne correct behavior, which hinders their robustness
and usability, as we show in Section 5. These obstacles highlight
a core challenge of integrating semantic-based processing within
reliable query systems due to the inherent ambiguity of natural
language instructions and LLM outputs.

Towards robust, declarative query systems for bulk semantic
processing, we propose the semantic operator model, which extends
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ABSTRACT
Traditional query planners translate SQL queries into query plans
to be executed over relational data. However, it is impossible to
query other data modalities, such as images, text, or video stored in
modern data systems such as data lakes using these query planners.
In this paper, we propose Language-Model-Driven Query Planning,
a new paradigm of query planning that uses Language Models
to translate natural language queries into executable query plans.
Di�erent from relational query planners, the resulting query plans
can contain complex operators that are able to process arbitrary
modalities. As part of this paper, we present a �rst GPT-4 based
prototype called CAESURA and show the general feasibility of this
idea on two datasets. Finally, we discuss several ideas to improve
the query planning capabilities of today’s Language Models.

1 INTRODUCTION
Query planning, the basic process of deriving an executable query
plan in response to a user query, has conceptually stayed essentially
the same since IBM’s System R was introduced in 1974 [14]. In
traditional DBMSs, a logical plan is �rst obtained from parsing
a SQL query and then optimized by improving the order of the
query’s operators. In a second step, each logical operator is mapped
to a concrete implementation to obtain a physical plan, which
is eventually executed. In the past decades, research has focused
primarily on improving the e�ciency of query plans by improving
various individual aspects (e.g. the cost model [5]).

However, this traditional approach to query planning is funda-
mentally limited in two important aspects: Firstly, it only applies to
query languages such as SQL, where semantics of queries are clear
and can be easily parsed into a (at least canonical) query plan to
execute the query. Secondly, it is only possible to query structured
relational data stored in tables. Due to these limitations and several
new trends, we argue that it is �nally time to re-think how query
planning is done:
Trend 1: Multi-Modal Data. In today’s industries, huge amounts
of non-relational multi-modal data (e.g. images, documents, sensor
data, ...) need to be stored and processed, which has led to solutions
that store data outside classical databases. For instance, medical
clinics need to store and analyze MRI scans and patient reports
along with structured patient metadata. Since these data modalities
cannot be stored and queried easily in today’s databases, they are
usually stored in data lakes, which, however, makes gaining insights
from these modalities hard. To gain insights from such multi-modal
data lakes, the data needs to be made accessible �rst, usually by
manually constructing complex data processing pipelines.

This paper is published under the Creative Commons Attribution 4.0 International
(CC-BY 4.0) license. Authors reserve their rights to disseminate the work on their
personal and corporate Web sites with the appropriate attribution, provided that you
attribute the original work to the authors and CIDR 2024. 14th Annual Conference on
Innovative Data Systems Research (CIDR ’24). January 14-17, 2024, Chaminade, USA

Query: Plot the number of
paintings depicting Madonna
and Child for each century!

VisualQAPython

metadata.csv
name, year, ..., img_path
Madonna, 1889, ..., i1.png
Irises, 1480, ..., i2.png
...
Scream, 1893, ..., in.png

Join

Plot

sns.barplot(joined_table,

"century", "num_paintings")

df["century"] = df.apply(
    lambda x: int(x[:2]) + 1)

inputs = blip_processor(text="Is
Madonna and Child depicted?", imgs)

sqldf("SELECT * 
FROM metadata m JOIN madonna_img i
ON m.img_path = i.img_path")

Selection

Aggregation

Output:

translate to multi-modal query plan:

Figure 1: Example illustrating how a natural language query
is automatically translated into a multi-modal query plan
containing relational operators, machine generated Python
UDFs, and a VisualQA Machine Learning model. The output
is presented as a plot, making it easy and fast to gain insights
from multi-modal data. The green boxes show code snippets
that are executed when executing the plan.

While recently several pioneering systems have been proposed to
ease the querying of multi-modal data in data lakes [3, 7, 16, 18, 19],
these systems come with signi�cant limitations. For instance, the
queries supported by these systems are often limited in complexity
(e.g. only simple queries with a single value as answer are supported
[3], or non-relational modalities are only used as �lters [7]), or they
are limited to only a very few modalities [16, 19].

An ideal data system for multi-modal data, instead, would allow
all types of queries and automatically construct the data processing
pipelines, that have previously been constructed manually. This
would allow users to formulate queries that combine information
across modalities, and let them gain insights in a few minutes, for
which they previously would have needed several days or weeks.
Trend 2: Natural Language Interfaces. SQL, with its declarative
nature, has initially been designed to be understandable by layper-
sons. In practice, however, formulating complex queries in SQL
requires profound knowledge of the language, making databases in-
accessible to domain experts and management sta�. Usually, these
persons are required to interact with speci�cally trained data sci-
entists to obtain insights from data stored in databases, a process
that often requires many iterations.

Hence, in recent years, Natural Language Interfaces for databases
have emerged, which would allow laypersons to query databases
using natural language. However, existing approaches typically
translate natural language into SQL [28, 29] and are therefore lim-
ited to relational data. Another direction are question-answering
systems which work on modalities beyond tables [3]. However,
question-answering systems only support queries that are much
less expressive than what can be done with SQL.

SwellDB: Dynamic�ery-Driven Table Generation with Large
Language Models

Victor Giannakouris
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Cornell University
Ithaca, NY, USA
it224@cornell.edu

Abstract
We present SwellDB1, a data system that enables analytical query
processing over tables generated dynamically with Large Language
Models (LLMs). Typically, traditional database systems function
under the closed-world assumption, allowing query execution over
already existing tables. In contrast, SwellDB dynamically generates
the required tables based on input SQL queries, and user-de�ned
table de�nitions. Powered by an LLM, SwellDB integrates exter-
nal data sources, including diverse datasets, database systems, and
search engines to extract and blend relevant information into a
structured table. Given an input query and schema, SwellDB intelli-
gently selects data sources, synthesizes structured tables adhering
to the speci�ed schema, and makes them queriable through its
execution engine. During the demonstration, we will showcase
how SwellDB addresses data generation and integration challenges
across domains such as web search and bioinformatics. Attendees
can de�ne custom schemas and execute SQL queries, gaining hands-
on experience with SwellDB’s table generation capabilities.
Video URL: https://youtu.be/X1VOCVYb3Sc
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1 Introduction
In this demo, we introduce SwellDB, a data system that follows a
new architecture that enables query execution over dynamically
generated tables. Unlike traditional systems which rely on previ-
ously stored data, SwellDB synthesizes tables on the �y based on
1https://github.com/SwellDB/SwellDB
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input queries, utilizing Large Language Models (LLMs) to generate
structured data according to user-de�ned prompts, schemas, or
SQL queries. By e�ciently integrating data from multiple sources,
including LLMs, �le formats, databases, and raw text such as web
search results, SwellDB bridges the gap between structured query
execution and unstructured data retrieval.
Closed-world Assumption. Traditional database systems operate
under the closed-world assumption, where queries are executed
on pre-existing, structured tables. Structured and queriable data
o�ers several key advantages. First, database systems enable users
to leverage SQL, a widely adopted and standardized language over
the past decades, for executing analytical queries and retrieving
precise results. Second, structured data facilitates seamless inte-
gration with external services, such as mobile applications and
websites, through a wide range of connectors and APIs. However,
while querying structured data is highly desirable, the vast majority
of data resides in external semi-structured or unstructured sources.
Consequently, end-users are often burdened with developing cus-
tom Extract-Transform-Load (ETL) work�ows to create structured
tables, enabling them to query this data using SQL.
Large Language Models. LLMs o�er a compelling solution to the
challenges of information integration and table generation. Trained
on vast amounts of data embedded within their weights, LLMs ex-
cel at data generation and augmentation tasks. For example, given
input datasets and a search engine, an LLM can determine how to
utilize these data sources to generate a table with speci�c content
and schema. LLMs can e�ciently answer questions such as which
code or SQL query to execute to retrieve a portion of the requested
data from the input data sources, or which search queries to issue
in order to retrieve data not available in the LLM or input sources.
Additionally, LLMs can serve as preprocessors, transforming un-
structured data (e.g., web-retrieved information) into structured
formats that are queriable with SQL.

Taking these considerations into account, we pose the following
question:

Given a set of input data sources, how can we leverage Large
Language Models to dynamically generate tables of any content

based on an input query?

We address this question by introducing a data system archi-
tecture that enables query execution over dynamically generated
tables, according to the input query. Our system, SwellDB, lever-
ages Large Language Models to tackle the table generation problem
as follows. Given a table de�nition consisting of a prompt (describ-
ing the table content) and a schema (a set of attributes and their
descriptions), SwellDB interacts with the LLM to compute a table
generation plan. This plan speci�es (1) which input data sources
can be used to retrieve portions of the data, (2) how to utilize these
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ThalamusDB: Approximate �ery Processing on Multi-Modal
Data
SAEHAN JO, Cornell University, USA
IMMANUEL TRUMMER, Cornell University, USA

We introduce ThalamusDB, a novel approximate query processing system that processes complex SQL queries
on multi-modal data. ThalamusDB supports SQL queries integrating natural language predicates on visual,
audio, and text data. To answer such queries, ThalamusDB exploits a collection of zero-shot models in
combination with relational processing. ThalamusDB utilizes deterministic approximate query processing,
harnessing the relative e�ciency of relational processing to mitigate the computational demands of machine
learning inference. For evaluating a natural language predicate, ThalamusDB requests a small number of
labels from users. User can specify their preferences on the performance objective regarding the three relevant
metrics: approximation error, computation time, and labeling overheads. The ThalamusDB query optimizer
chooses optimized plans according to user preferences, prioritizing data processing and requested labels to
maximize impact. Experiments with several real-world data sets, taken from Craigslist, YouTube, and Net�ix,
show that ThalamusDB achieves an average speedup of 35.0⇥ over MindsDB, an exact processing baseline,
and outperforms ABAE, a sampling-based method, in 78.9% of cases.

CCS Concepts: • Information systems!Online analytical processing engines;Datamodel extensions;
• Computing methodologies! Machine learning.

Additional Key Words and Phrases: query processing, multi-modal data, neural models
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1 INTRODUCTION
Prior work has introduced systems that integrate machine learning with databases, such as
MindsDB [30] and EvaDB [17]. Using large neural models, these systems enable users to handle
multi-modal data within a uni�ed framework. In this context, the primary challenge in processing
queries on multi-modal data is the computational cost associated with model inference, as shown
in Figure 1. Processing large amounts of multi-modal data is very expensive and becomes the
dominant factor in query processing. This processing overhead underscores the need for a more
e�cient solution. Hence, we introduce ThalamusDB, an approximate query processing (AQP)
system designed for complex queries on multi-modal data. The code of ThalamusDB is available at
https://github.com/saehanjo/thalamusdb.
ThalamusDB supports retrieval and aggregation queries (with joins) that integrate natural

language predicates onmulti-modal data. It supports an extended, relational data model, introducing
specialized column types to integrate picture and audio data. Queries are formulated using an SQL
dialect that supports predicates, formulated in natural language on text, picture, or audio data
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ABSTRACT

A long-standing goal of data management systems has been to build
systems which can compute quantitative insights over large collec-
tions of unstructured data in a cost-effective manner. Until recently, it
was difficult and expensive to extract facts from company documents,
data from scientific papers, or metrics from image and video corpora.
Today’s models can accomplish these tasks with high accuracy. How-
ever, a programmer who wants to answer a substantive AI-powered
query must orchestrate large numbers of models, prompts, and data
operations. In this paper, we present PALIMPZEST, a system that
enables programmers to pose AI-powered analytical queries over
arbitrary collections of unstructured data in a simple declarative
language. The system uses a cost optimization framework — which
explores the search space of AI models, prompting techniques, and
related foundation model optimizations. PALIMPZEST implements
the query while navigating the trade-offs between runtime, financial
cost, and output data quality. We introduce a novel language for AI-
powered analytics tasks, the optimization methods that PALIMPZEST
uses, and the prototype system itself. We evaluate PALIMPZEST on a
real-world workload. Our system produces plans that are up to 3.3x
faster and 2.9x cheaper than a baseline method when using a single-
thread setup, while also achieving superior F1-scores. PALIMPZEST
applies its optimizations automatically, requiring no additional work
from the user.

1 INTRODUCTION

Advances in AI models have driven progress in applications such
as question answering [11, 25], chatbots [5], autonomous agents
[17, 18], and code synthesis [7, 9]. In many cases, these systems
have evolved far beyond posing a simple question to a chat model:
they are compound AI systems [24] that combine elements of data
processing, such as Retrieval Augmented Generation (RAG); ensem-
bles of different models; multi-step chain-of-thought reasoning; and
in many cases, cloud-based modules. It is easy for the runtime, cost,
and complexity of these AI systems to escalate quickly, particularly
when applied to large collections of documents.

The performance gap between traditional data processing compo-
nents and AI-powered components is profound. Naively scaling AI
systems to process workloads with thousands or millions of inputs

This paper is published under the Creative Commons Attribution 4.0 International (CC-
BY 4.0) license. Authors reserve their rights to disseminate the work on their personal
and corporate Web sites with the appropriate attribution, provided that you attribute the
original work to the authors and CIDR 2025. 15th Annual Conference on Innovative
Data Systems Research (CIDR ’25). January 19-22, Amsterdam, The Netherlands

requires spending a large amount of runtime and money execut-
ing high-end AI models. For instance, a high-quality open source
LLM on a modern GPU processes about 100-125 tokens per second,
yielding a throughput of less than 1 KB per second, assuming that
each token averages 5 bytes. OpenAI’s GPT-4o mini model costs
15 cents for 1M input tokens, equivalent to processing 5MB of data.
These numbers are many orders of magnitude worse than any other
component of the modern data processing stack, such as storage,
network bandwidth, SQL query processing time, and so on. Thus,
optimizing the use of AI components is crucial. Meanwhile, current
AI infrastructure is in tremendous technical flux. New models and
implementation techniques are published weekly, while model costs
and runtimes change frequently. Harnessing the latest advances in
model runtime, cost, and quality is complex, error-prone, and re-
quires developers of AI applications to constantly rewrite and retune
their systems.

AI engineers face a variety of technical decisions, including opti-
mizing prompt wording and strategy (e.g. chain-of-thought, ReAct
[23]), selecting the best model for each subtask while balancing
time, cost and quality, and deciding on the best implementation
approach for each subtask (e.g. using a foundation model query,
synthesized code, locally trained model, or a mixture of agents [20]).
Additionally, engineers must manage GPU cache and memory uti-
lization, handle LLM context limits, design efficient execution plans
for scaling to larger datasets, and integrate parallelized components
for optimal system efficiency. Decisions on integration with external
data systems also require careful parameter selection to achieve the
best trade-offs between speed, cost, and quality.

The space of possible decisions is vast, and choosing wisely de-
pends on low-level details of the exact task. Moreover, the definition
of "best" can change over time: a developer might prefer "cheap
and low-quality" execution when quickly testing initial proof-of-
concept ideas, then switch to "costly but high-quality" for customer
deployment. Finally, the changing technical landscape means that
the optimization choices made today might be obsolete tomorrow.

Our Goal: The key insight is that machines, not human engi-
neers, should decide how best to optimize AI applications. Engineers
should be able to write AI programs at a high level of abstraction
and rely on an optimizer to find a physical implementation that best
fits their use case. This concept echoes the circumstances that led to
the creation of the relational database query optimizer in the 1970s
— a period marked by the need for performance enhancements amid
significant technological shifts. While today’s technical challenges
differ, the principle of declarative program optimization remains
profoundly relevant.

Semantic Operators: A Declarative Model for Rich, AI-based Data
Processing

Liana Patel†, Siddharth Jha‡, Melissa Pan‡, Harshit Gupta†, Parth Asawa‡,
Carlos Guestrin†, Matei Zaharia‡
† Stanford University, ‡ UC Berkeley

Correspondence: lianapat@stanford.edu
LOTUS Repository and Tutorials

ABSTRACT
The semantic capabilities of large language models (LLMs) have the
potential to enable rich analytics and reasoning over vast knowl-
edge corpora. Unfortunately, existing systems either empirically
optimize expensive LLM-powered operations with no performance
guarantees, or serve a limited set of row-wise LLM operations, pro-
viding limited robustness, expressiveness and usability. We intro-
duce semantic operators, the �rst formalism for declarative and
general-purpose AI-based transformations based on natural lan-
guage speci�cations (e.g., �ltering, sorting, joining or aggregating
records using natural language criteria). Each operator opens a rich
space for execution plans, similar to relational operators. Our model
speci�es the expected behavior of each operator with a high-quality
gold algorithm, and we develop an optimization framework that
reduces cost, while providing accuracy guarantees with respect to
a gold algorithm. Using this approach, we propose several novel
optimizations to accelerate semantic �ltering, joining, group-by
and top-k operations by up to 1, 000⇥. We implement semantic
operators in the LOTUS system and demonstrate LOTUS’ e�ec-
tiveness on real, bulk-semantic processing applications, including
fact-checking, biomedical multi-label classi�cation, search, and
topic analysis. We show that the semantic operator model is expres-
sive, capturing state-of-the-art AI pipelines in a few operator calls,
and making it easy to express new pipelines that match or exceed
quality of recent LLM-based analytic systems by up to 170%, while
o�ering accuracy guarantees. Overall, LOTUS programs match or
exceed the accuracy of state-of-the-art AI pipelines for each task
while running up to 3.6⇥ faster than the highest-quality baselines.
LOTUS is publicly available at https://github.com/lotus-data/lotus.

1 INTRODUCTION
The powerful semantic capabilities of modern language models
(LLMs) create exciting opportunities for building AI-based ana-
lytics systems that reason over vast knowledge corpora. Many
applications require complex reasoning over large amounts of data,
including both unstructured and structured data. For example a re-
searcher reviewing recent ArXiv [2] preprints may want to quickly
obtain a summary of relevant papers from the past week, or �nd
the papers that report the best performance for a particular task
and dataset. Similarly, a medical professional may automatically
extract biomedical characteristics and candidate diagnoses from
many patient reports [29]. Likewise, organizations wish to automat-
ically digest lengthy transcripts from internal meeting transcripts
and chat histories to validate hypotheses about their business [4].

Figure 1: Execution time (y-axis) and accuracy, shown in parenthe-
ses, for 3 fact-checking implementations: (i) FacTool [23], a recent
state-of-the-art research work, (ii) a short, un-optimized LOTUS pro-
gram, and (iii) the same LOTUS program optimized with accuracy
guarantees. Section 5 provides our full methodology.

Each of these tasks require a form of bulk semantic processing,
where the analytics system must process large amounts of data and
apply semantic-based analysis across a whole dataset. Supporting
the full generality of these applications with e�cient and easy-to-
use analytics systems would have a transformative impact, similar
to what RDBMSes had for tabular data. This prospect, however,
raises two challenging questions: �rst, how should developers express
semantic queries, and secondly, how should we design the underlying
analytics system to achieve high e�ciency and accuracy.

Unfortunately, existing systems are insu�cient for bulk semantic
processing, either limiting their expressiveness to row-wise LLM ex-
ecution models or focusing on empirical optimizations without any
formalism or accuracy guarantees, leading to unexpected behav-
iors and frequent failures. First, several systems provide logically
row-wise LLM operators, either in the form of a general-purpose
AI user-de�ned functions (UDF) [1, 8, 9, 14, 49, 53, 67] or special-
ized row-wise operators [46, 47, 50] for speci�c applications, such
as conversational chat, data cleaning and extract-transform-load
(ETL) tasks. These programming models fail to support a range of
LLM-based transformations across rows, such as ranking, grouping
or joining records. Alternatively, more recent LLM-based analytics
systems, such as DocETL [61] and UQE [25], empirically optimize
LLM-based operationswith no accuracy guarantees, lacking any for-
malism to de�ne correct behavior, which hinders their robustness
and usability, as we show in Section 5. These obstacles highlight
a core challenge of integrating semantic-based processing within
reliable query systems due to the inherent ambiguity of natural
language instructions and LLM outputs.

Towards robust, declarative query systems for bulk semantic
processing, we propose the semantic operator model, which extends
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CAESURA: Language Models as Multi-Modal �ery Planners
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ABSTRACT
Traditional query planners translate SQL queries into query plans
to be executed over relational data. However, it is impossible to
query other data modalities, such as images, text, or video stored in
modern data systems such as data lakes using these query planners.
In this paper, we propose Language-Model-Driven Query Planning,
a new paradigm of query planning that uses Language Models
to translate natural language queries into executable query plans.
Di�erent from relational query planners, the resulting query plans
can contain complex operators that are able to process arbitrary
modalities. As part of this paper, we present a �rst GPT-4 based
prototype called CAESURA and show the general feasibility of this
idea on two datasets. Finally, we discuss several ideas to improve
the query planning capabilities of today’s Language Models.

1 INTRODUCTION
Query planning, the basic process of deriving an executable query
plan in response to a user query, has conceptually stayed essentially
the same since IBM’s System R was introduced in 1974 [14]. In
traditional DBMSs, a logical plan is �rst obtained from parsing
a SQL query and then optimized by improving the order of the
query’s operators. In a second step, each logical operator is mapped
to a concrete implementation to obtain a physical plan, which
is eventually executed. In the past decades, research has focused
primarily on improving the e�ciency of query plans by improving
various individual aspects (e.g. the cost model [5]).

However, this traditional approach to query planning is funda-
mentally limited in two important aspects: Firstly, it only applies to
query languages such as SQL, where semantics of queries are clear
and can be easily parsed into a (at least canonical) query plan to
execute the query. Secondly, it is only possible to query structured
relational data stored in tables. Due to these limitations and several
new trends, we argue that it is �nally time to re-think how query
planning is done:
Trend 1: Multi-Modal Data. In today’s industries, huge amounts
of non-relational multi-modal data (e.g. images, documents, sensor
data, ...) need to be stored and processed, which has led to solutions
that store data outside classical databases. For instance, medical
clinics need to store and analyze MRI scans and patient reports
along with structured patient metadata. Since these data modalities
cannot be stored and queried easily in today’s databases, they are
usually stored in data lakes, which, however, makes gaining insights
from these modalities hard. To gain insights from such multi-modal
data lakes, the data needs to be made accessible �rst, usually by
manually constructing complex data processing pipelines.

This paper is published under the Creative Commons Attribution 4.0 International
(CC-BY 4.0) license. Authors reserve their rights to disseminate the work on their
personal and corporate Web sites with the appropriate attribution, provided that you
attribute the original work to the authors and CIDR 2024. 14th Annual Conference on
Innovative Data Systems Research (CIDR ’24). January 14-17, 2024, Chaminade, USA

Query: Plot the number of
paintings depicting Madonna
and Child for each century!

VisualQAPython

metadata.csv
name, year, ..., img_path
Madonna, 1889, ..., i1.png
Irises, 1480, ..., i2.png
...
Scream, 1893, ..., in.png

Join

Plot

sns.barplot(joined_table,

"century", "num_paintings")

df["century"] = df.apply(
    lambda x: int(x[:2]) + 1)

inputs = blip_processor(text="Is
Madonna and Child depicted?", imgs)

sqldf("SELECT * 
FROM metadata m JOIN madonna_img i
ON m.img_path = i.img_path")

Selection

Aggregation

Output:

translate to multi-modal query plan:

Figure 1: Example illustrating how a natural language query
is automatically translated into a multi-modal query plan
containing relational operators, machine generated Python
UDFs, and a VisualQA Machine Learning model. The output
is presented as a plot, making it easy and fast to gain insights
from multi-modal data. The green boxes show code snippets
that are executed when executing the plan.

While recently several pioneering systems have been proposed to
ease the querying of multi-modal data in data lakes [3, 7, 16, 18, 19],
these systems come with signi�cant limitations. For instance, the
queries supported by these systems are often limited in complexity
(e.g. only simple queries with a single value as answer are supported
[3], or non-relational modalities are only used as �lters [7]), or they
are limited to only a very few modalities [16, 19].

An ideal data system for multi-modal data, instead, would allow
all types of queries and automatically construct the data processing
pipelines, that have previously been constructed manually. This
would allow users to formulate queries that combine information
across modalities, and let them gain insights in a few minutes, for
which they previously would have needed several days or weeks.
Trend 2: Natural Language Interfaces. SQL, with its declarative
nature, has initially been designed to be understandable by layper-
sons. In practice, however, formulating complex queries in SQL
requires profound knowledge of the language, making databases in-
accessible to domain experts and management sta�. Usually, these
persons are required to interact with speci�cally trained data sci-
entists to obtain insights from data stored in databases, a process
that often requires many iterations.

Hence, in recent years, Natural Language Interfaces for databases
have emerged, which would allow laypersons to query databases
using natural language. However, existing approaches typically
translate natural language into SQL [28, 29] and are therefore lim-
ited to relational data. Another direction are question-answering
systems which work on modalities beyond tables [3]. However,
question-answering systems only support queries that are much
less expressive than what can be done with SQL.

SwellDB: Dynamic�ery-Driven Table Generation with Large
Language Models

Victor Giannakouris
Cornell University
Ithaca, NY, USA

vg292@cornell.edu

Immanuel Trummer
Cornell University
Ithaca, NY, USA
it224@cornell.edu

Abstract
We present SwellDB1, a data system that enables analytical query
processing over tables generated dynamically with Large Language
Models (LLMs). Typically, traditional database systems function
under the closed-world assumption, allowing query execution over
already existing tables. In contrast, SwellDB dynamically generates
the required tables based on input SQL queries, and user-de�ned
table de�nitions. Powered by an LLM, SwellDB integrates exter-
nal data sources, including diverse datasets, database systems, and
search engines to extract and blend relevant information into a
structured table. Given an input query and schema, SwellDB intelli-
gently selects data sources, synthesizes structured tables adhering
to the speci�ed schema, and makes them queriable through its
execution engine. During the demonstration, we will showcase
how SwellDB addresses data generation and integration challenges
across domains such as web search and bioinformatics. Attendees
can de�ne custom schemas and execute SQL queries, gaining hands-
on experience with SwellDB’s table generation capabilities.
Video URL: https://youtu.be/X1VOCVYb3Sc
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• Information systems ! Extraction, transformation and
loading;Mediators and data integration; Federated databases.
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1 Introduction
In this demo, we introduce SwellDB, a data system that follows a
new architecture that enables query execution over dynamically
generated tables. Unlike traditional systems which rely on previ-
ously stored data, SwellDB synthesizes tables on the �y based on
1https://github.com/SwellDB/SwellDB
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input queries, utilizing Large Language Models (LLMs) to generate
structured data according to user-de�ned prompts, schemas, or
SQL queries. By e�ciently integrating data from multiple sources,
including LLMs, �le formats, databases, and raw text such as web
search results, SwellDB bridges the gap between structured query
execution and unstructured data retrieval.
Closed-world Assumption. Traditional database systems operate
under the closed-world assumption, where queries are executed
on pre-existing, structured tables. Structured and queriable data
o�ers several key advantages. First, database systems enable users
to leverage SQL, a widely adopted and standardized language over
the past decades, for executing analytical queries and retrieving
precise results. Second, structured data facilitates seamless inte-
gration with external services, such as mobile applications and
websites, through a wide range of connectors and APIs. However,
while querying structured data is highly desirable, the vast majority
of data resides in external semi-structured or unstructured sources.
Consequently, end-users are often burdened with developing cus-
tom Extract-Transform-Load (ETL) work�ows to create structured
tables, enabling them to query this data using SQL.
Large Language Models. LLMs o�er a compelling solution to the
challenges of information integration and table generation. Trained
on vast amounts of data embedded within their weights, LLMs ex-
cel at data generation and augmentation tasks. For example, given
input datasets and a search engine, an LLM can determine how to
utilize these data sources to generate a table with speci�c content
and schema. LLMs can e�ciently answer questions such as which
code or SQL query to execute to retrieve a portion of the requested
data from the input data sources, or which search queries to issue
in order to retrieve data not available in the LLM or input sources.
Additionally, LLMs can serve as preprocessors, transforming un-
structured data (e.g., web-retrieved information) into structured
formats that are queriable with SQL.

Taking these considerations into account, we pose the following
question:

Given a set of input data sources, how can we leverage Large
Language Models to dynamically generate tables of any content

based on an input query?

We address this question by introducing a data system archi-
tecture that enables query execution over dynamically generated
tables, according to the input query. Our system, SwellDB, lever-
ages Large Language Models to tackle the table generation problem
as follows. Given a table de�nition consisting of a prompt (describ-
ing the table content) and a schema (a set of attributes and their
descriptions), SwellDB interacts with the LLM to compute a table
generation plan. This plan speci�es (1) which input data sources
can be used to retrieve portions of the data, (2) how to utilize these
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Query Optimization



Summary

• Dramatic expansion of scope in data processing


• Data location


• Data types


• DB Operators


• Key challenge: scale it up!


• Approximate processing


• Specialized operators


• Query optimization
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